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Abstract

Recent advances in Large Language Models (LLMs) have demonstrated strong capabilities in generating correct and
complex code, raising a critical pedagogical challenge: how to effectively use these models to teach computational
thinking without fostering student dependency on automated solutions. We present SHARP, a generative Al-driven
tutoring system for competitive programming that utilizes a milestone-based architecture to provide Socratic-
inspired hints. SHARP fosters “productive struggle” by avoiding direct solution delivery in favor of context-aware,
incremental guidance through an adaptive hint scheduler and a dynamic Socratic hint generator. We evaluate
SHARP through a controlled benchmark using an LLM proxy across 50 problems with varying bug complexity,
demonstrating that SHARP generates highly relevant, indirect hints that guide progress more effectively than
baseline methods. An ablation study confirms the critical contribution of the milestone estimation component.
Furthermore, an exploratory classroom deployment with 42 secondary-school students provides preliminary
evidence of the system’s usability and a positive correlation between hint usage and debugging confidence.
We discuss the implications of integrating real-time execution feedback with generative Al for personalized,
pedagogically sound support in computer science education.

Keywords
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1. Introduction

Recent advances in large language models (LLMs) have demonstrated strong capabilities in competitive
programming, a domain once thought to require uniquely human ingenuity [1, 2, 3]. The startling
proficiency of modern LLMs was recently underscored by Peter Norvig’s 2025 experiment, where
leading models successfully solved all 25 days of the notoriously difficult Advent of Code challenge [4].
This rapid progress presents a pedagogical paradox: if Al can generate correct and complex code on
demand, how do we effectively teach the next generation of programmers to think computationally and
solve problems independently?

While LLMs offer unique possibilities for personalized assistance—from interactive copilots [5] to
alignment with human feedback [6]—their default role as immediate solvers risks short-circuiting
cognitive processes [7]. In secondary education, where strong programming foundations must be built
early [8], simply providing solutions fosters dependency and undermines core problem-solving skills
[9]. Existing models often encourage “solution snarfing” behaviors, causing “cognitive debt” [10]—while
Al assistance improves accessibility, it may inadvertently hinder computational thinking [11].

We present SHARP, a competitive programming tutoring system that encourages independent thinking
through a Socratic-inspired hinting framework. As illustrated by Figure 1, SHARP implements a two-
phase architecture: (1) an adaptive hint scheduler that mines crowd-sourced interaction data—including
timing patterns and attempt counts across the student cohort—to determine optimal intervention points,
and (2) a dynamic hinting engine that generates Socratic prompts based on learned student progress and
retrieved contextual information. Student code submissions are executed in a sandboxed environment,
test-case results inform automated progress assessment, and collected feedback continuously refines
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Figure 1: Architecture of SHARP. (1) The Adaptive Hint Scheduler monitors student states, triggering
(2) the Socratic Hint Generator to produce guided Socratic questions that support problem-solving.
(3) Student progress updates the local database, creating a data-driven feedback loop for Al-assisted
programming education.

the hint generation pipeline. Unlike existing Al-assisted programming tools that focus on correctness
and completeness, SHARP employs a step-by-step milestone checking approach to gradually guide the
student toward the next goal while maintaining sufficient space for independent exploration.

2. Related Work

2.1. Automated Hint Generation and ITS

Intelligent Tutoring Systems (ITS) have a long history of providing customized instruction in STEM fields
[12, 13]. Prior to LLMs, extensive research explored automated feedback in programming education:
Keuning et al. [14] highlighted challenges in providing adaptable, context-aware guidance; Crow et al.
[15] noted early systems’ reliance on rigid, domain-specific models; and McBroom et al. [16] synthesized
these efforts, emphasizing the importance of timing and indirectness. The recent integration of LLMs
has enabled new ITS capabilities: PyTutor [17] provides personalized Python feedback, and Fodouop
Kouam et al. [18] found that adaptive systems significantly improve outcomes for novices. However,
Jost et al. [19] found that informal LLM usage may negatively affect independent problem-solving ability
[2, 20], underscoring the need for pedagogical frameworks that balance automation with learning.

2.2. Socratic Dialogue for Programming

Socratic questioning guides learners toward discovering concepts independently [21]. Kestin et al. [22]
found that Al Socratic tutoring outperformed traditional active learning, and Xi et al. [23] reported
positive effects on reflective thinking. For programming specifically, Roest et al. [24] explored LLM-
generated next-step hints, while Phung et al. [25] proposed a two-model approach for hint generation
and validation. Studies indicate that orientation hints are effective but bottom-out hints risk undermining
learning [26]. SHARP focuses on generating indirect, milestone-driven hints to maintain pedagogical
value.

2.3. Al-Assisted Competitive Programming Education

Competitive programming presents unique challenges: problems require multi-step algorithmic rea-
soning, debugging involves tracing complex logic, and students must develop independent strategies
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Figure 2: Ask Codey User Interface. The system provides contextual, Socratic-inspired hints (e.g., prompting
the user to check comparison operators for IP addresses) rather than directly revealing the solution code.

under time pressure. Prior tools such as iSnap [27] and Nemobot [28] enriched interactive program-
ming for novices, while AutoTutor [29] demonstrated how natural language dialogue fosters deeper
understanding. SHARP extends these ideas by integrating real-time code execution analysis with
milestone-based progress estimation, providing context-aware Socratic feedback tailored to multi-step
debugging challenges.

3. Problem Formulation

Given a programming problem P with test cases 7'C' and a student’s solution s; at step ¢, we aim to (1)
identify the student’s current milestone my+ in the solution sequence M = {my, ..., mys} (Where my
is empty and m; is complete), and (2) generate a hint h; that maximizes independent progress toward
mpy«+1. The coding context at step ¢ is defined as:

Ct = {P, TC, St—1, Mix, mk*+1},

where k* is the estimated milestone index.

The hint generator G produces hy = G(h.4—1,¢;), where h.;_1 denotes the hint history. An effective
hint h; must satisfy three criteria: (i) Validity: grammatically correct and logically sound, (ii) Relevance:
guides toward my- 1 via Socratic questioning without revealing the solution directly, and (iii) Efficiency:
provides novel insight compared to previous hints.

4. System Design and Methodology

4.1. Adaptive Hint Scheduler

The adaptive hint scheduler determines when a hint should be provided, serving as the heartbeat of the
system. Scheduling decisions consider two scenarios: detected student impasse and manual trigger. A
hint is issued when the student is inferred to be stuck or when the student explicitly requests assistance.

Automatic impasse detection applies educational data mining techniques to crowd-sourced interaction
logs. By aggregating timing and attempt data across the student cohort, the system builds a statistical
model of expected behavior at each milestone, identifying when an individual student’s trajectory



Table 1
Comparative Performance of SHARP vs. Baseline Models Across Varying Bug Complexity

Bugs Method Success Rate Turns/Bug Indirectness Relevance
No Guidance 0.74 NA NA NA
Basic Guidance 0.88 3.20 1.0 4.86
1Bug  Treelnstruct 0.84 1.42 1.0 4.78
SHARP (w.0. Milestone est.) 0.82 2.88 1.0 4.72
SHARP (w. Milestone est.) 0.98 2.60 1.0 4.94
No Guidance 0.68 NA NA NA
Basic Guidance 0.82 2.55 1.0 4.68
2 Bugs Treelnstruct 0.72 1.57 1.0 4.32
SHARP (w.0. Milestone est.) 0.82 1.64 1.0 4.86
SHARP (w. Milestone est.) 0.94 2.33 1.0 4.88
No Guidance 0.68 NA NA NA
Basic Guidance 0.66 2.19 1.0 4.68
3 Bugs Treelnstruct 0.72 1.04 1.0 4.80
SHARP (w.0. Milestone est.) 0.88 1.31 1.0 4.84
SHARP (w. Milestone est.) 0.92 1.84 1.0 4.94

deviates from the norm. Let ¢ denote the elapsed time since the last progress event; the trigger condition
is:
t > max(Es [ts], 7'),

where E [t ] is the mean time spent by all students at the same milestone, and 7 is a fixed threshold
for cold-start scenarios. The system also triggers a hint if the student exceeds a predefined number § of
incorrect attempts.

4.2. Socratic Hint Generation Pipeline

When triggered, the generator executes a four-step process:

1. Milestone Division. An LLM decomposes problem P into a sequence of pedagogical milestones
M = {mi,...,mg}. Each my consists of a natural language description, a reference code snippet,
and specific test cases. This is framed as a constrained optimization problem minimizing > Cost(m)
subject to full coverage and Diversity(M) > §. We use beam search to find an approximate solution.

2. Milestone Progress Estimation. We estimate the student’s current milestone k* by comparing
their solution s; against reference solutions, combining code semantics with functional test results:

|passed (s¢, tcg)| )

k* = arg max (ws -sim(@(st), p(rsg)) + we - (1)

kefl, K} |tey|

where ¢(-) is a CodeBERT [30] embedding fine-tuned using triplet loss, 7sj, is the reference solution
for milestone k, and tc;, denotes the test cases associated with that milestone. The weights w; and w,
balance semantic similarity against functional correctness.

3. Context Retrieval. Following the RAG approach [31], we retrieve information from the problem
description, student’s code, and a database of common errors. The retriever selects context z that
maximizes mutual information with target milestone M4 1.

4. Socratic Hint Generation. The retrieved context is used to construct prompts for context-aware
Socratic hint generation. The generator considers the input x, the retrieved context z, and the history of
previous prompts to produce a hint that guides the student toward the next milestone without revealing
the solution directly.
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Figure 3: Success rates on 3-bug problems. SHARP (w. Milestone est.) outperforms all baselines across all
conditions.

4.3. Implementation Details

We integrated SHARP into Ask Codey', a web-based competitive programming assistant deployed at
an international secondary school (Figure 2). The platform is built on Next.js (React) with PostgreSQL
via Prisma ORM, Auth0 authentication, and Upstash Redis for rate limiting. Student submissions are
evaluated using Piston’s sandboxed code execution API, supporting Python and C++. A language-
specific test harness runs all test cases, captures outputs, and generates a structured test-case result
(TCR) vector that informs milestone progress estimation.

The core hint generation relies on Claude 3.5 Sonnet as the primary LLM, with GPT-40 as an automatic
fallback. System prompts enforce strict constraints: hints must be concise, focus on one immediate error,
and avoid revealing solution code. Text hints are simultaneously converted to speech via OpenATI’s
TTS-1 model. The system also collects in-context student feedback—storing prompts, code state, LLM
output, and user ratings—creating a closed loop for continuous refinement.

5. Evaluation

We designed a mixed-methods evaluation guided by three research questions: RQ1: How does SHARP
compare to baseline tutoring strategies in terms of task success rate, interaction efficiency, and peda-
gogical quality? RQ2: What is the contribution of the milestone estimation component? RQ3: How do
students perceive the utility and quality of SHARP’s guidance in a real-world setting?

5.1. Technical Validation via LLM Proxy Benchmark

Evaluating adaptive tutoring systems is challenging because human learning dynamics are complex
and variable. As a technical validation step, we utilized an LLM (ministral-8b-instruct-2410)as
a proxy for a novice student. While an LLM cannot fully capture human affective states, it provides
a deterministic, reproducible environment to evaluate whether generated hints are logically sound,
relevant, and capable of guiding flawed code toward a correct solution.

Dataset. We used the MULTI-DEBUG dataset [11], comprising 50 programming problems from
competitive programming platforms with 1, 2, or 3 injected bugs designed to emulate common novice
errors. We curated executable test cases from LeetCode for automated verification.

Experimental Conditions. We compared five conditions: (1) No-Guidance (the proxy student
works independently), (2) Basic-Guidance (a tutor using a generic Socratic prompt [32]), (3) TreeIn-

'Source code: https://github.com/Snail664/coding-tutor
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Table 2
Comparative Dialogue Analysis: Treelnstruct’s Linear Questioning vs. SHARP’s Stateful Debugging

Treelnstruct SHARP

Instructor: What type should nodes_sumbe if Instructor: What do you notice about the way
you want to perform arithmetic operations like nodes_sum is initialized and how it’s then used within
addition with it? the loop for arithmetic operations?

Student: nodes_sum should be an integer type  Student: | notice that nodes_sum is initialized as None,
to perform arithmetic operations like addition ~ which means it will raise an error when trying to perform
with it. arithmetic operations on it. Additionally, the line 12 -
Instructor: When you want to extract just the 12.next is incorrect; it should be 12 = 12.next.
single digit for the current node in a sum, which  Instructor: Great observations! Now, can you show how
operator would you use to get the remainder you would fix the bug related to nodes_sum initializa-
after dividing by 10? tion, as well as correct the mistake on the 12 update

line?

struct (the knowledge-space estimation approach of [11]), (4) SHARP (w.o. Milestone est.) (our model
without milestone progress estimation), and (5) SHARP (w. Milestone est.) (the complete model).

Metrics. We employed four metrics: Success Rate (proportion of final solutions passing all test cases),
Turns per Bug (average dialogue turns per bug), Indirectness (whether hints avoid revealing direct code
solutions, scored 0 or 1 by an LLM judge), and Relevance (focus and appropriateness of guidance, scored
1-5).

Results. Table 1 presents the full results. SHARP (w. Milestone est.) achieved the highest success
rates across all scenarios (0.98, 0.94, and 0.92 for 1-, 2-, and 3-bug settings) while maintaining the highest
Relevance scores (4.94, 4.88, 4.94). Figure 3 visualizes the 3-bug success rates where the performance
gap is most evident. The ablation results demonstrate the value of milestone estimation: SHARP (w.o.
Milestone est.) already outperformed baselines, and the further improvement of the full model (e.g., 0.92
vs. 0.88 in the 3-bug case) shows the direct impact of accurate progress estimation on hint relevance.

Dialogue Quality Analysis. As shown in Table 2, Treelnstruct’s stateless design leads to an
unnatural conversation flow where correct student answers are not acknowledged, potentially causing
missed bug fixes. In contrast, SHARP’s stateful, acknowledgment-driven approach maintains a coherent,
productive problem-solving flow.

5.2. Exploratory Classroom Pilot Study

Beyond controlled benchmarks, SHARP was piloted with 42 secondary school students at an international
school in Hong Kong (RQ3). Initial observations showed a 78% task-completion rate for multi-bug
problems, with 85% of students self-reporting improved debugging confidence. Hint utilization correlated
with success rates (Pearson’s r = 0.72), suggesting effective scaffolding and alignment with benchmark
findings.

6. Discussion and Limitations

Our findings demonstrate that a stateful, milestone-driven Socratic tutor can significantly improve
success rates in complex debugging tasks compared to stateless or non-personalized approaches. The
results reveal a clear trade-off: methods like Treelnstruct minimize interaction turns but sacrifice success
rates, while SHARP achieves the highest task completion with only moderate increase in interaction
length.

We acknowledge several limitations. First, the LLM proxy evaluation does not capture the complex
affective dimensions of human learning. Second, our classroom pilot was exploratory, without a control
condition, and did not measure long-term learning gains. Third, while we use the term “Socratic,” our
system is more accurately described as providing “Socratic-inspired milestone scaffolding.” Finally, the



student model sometimes fails to incorporate bug fixes from dialogue into final solutions, particularly
for problems with multiple interacting bugs.

7. Conclusion and Future Work

We introduced SHARP, a tutoring system that leverages generative Al and real-time execution feedback to
provide adaptive, milestone-driven scaffolding for competitive programming. Through a mixed-methods
evaluation, we demonstrated that SHARP significantly outperforms baseline models by providing stateful,
context-aware guidance. The ablation study confirmed the critical contribution of milestone estimation,
and the pilot study provided preliminary evidence of real-world applicability.

Future work will pursue: (1) incremental, bug-by-bug code revision strategies to reduce cognitive load
and error propagation; (2) enhanced context management via conversation summarization for improved
hint relevance in extended sessions; (3) adaptive milestone granularity tailored to task complexity;
and (4) human-in-the-loop integration for ambiguous scenarios. Building on recent work in optimal
knowledge tracing for personalized programming education [33], future iterations could incorporate
formal student modeling to predict mastery levels and adapt hint difficulty. Controlled studies within
K-12 curriculum modules would allow rigorous measurement of learning gains under real classroom
conditions. The interaction data collected through Ask Codey’s feedback pipeline provides a foundation
for future educational data mining research, including modeling problem-solving trajectories and
predicting student disengagement.
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