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Figure 1: CodeKids hinting system in action.

Abstract
Motivation and Background. Many K–12 students struggle with

programming concepts. While LLMs offer scalable, timely support,
overly direct answers can reduce reasoning and engagement [8],
prompting the question: How can LLMs support learning without
encouraging overreliance?

In our study with 105 students, 31.4% showed misconceptions
about variable assignment and data types, and in another survey,
only 20% correctly solved conditional problems. This highlights the
need for scaffolding to address conceptual gaps in K–12 program-
ming.

To address these gaps, we designed an answer-aware hint gen-
eration system using LLMs to support learning without reducing
cognitive demand. We developed the system for CodeKids—an open-
source, curriculum-aligned platform built with Virginia Tech and
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local public schools. It helps students practice grade-level program-
ming through interactive activities, using LLM-generated hints to
guide thinking without revealing answers [1, 11].

Based on Vygotsky’s Zone of Proximal Development [12], our ap-
proach balances support and autonomy through structured prompt-
ing that preserves productive struggle.

Methodology. Building on research showing that machine learn-
ing supports K–12 learners without compromising cognitive devel-
opment [15], we implemented a mindful answer-aware prompting
approach [5, 7] grounded in two principles. The first principle, cog-
nitive scaffolding, draws from ZPD and ITS research [10, 12], and
ensures hints progress from general to specific while preserving
learner autonomy. The second principle, technical safeguards, ap-
plies semantic similarity thresholds and constraint-based prompting
to prevent answer leakage [13].

The system is deployed across 12 advanced CodeKids books
covering core topics like variables, data types, conditionals, loops,
and logical operators. Hints are concise, pedagogically sound, and
generated by GPT-4 when students request help or load a page. Each
request includes the topic, question, answer choices, and correct
answer sent to the LLM, enabling context-aware adaptation to the
activity and content.
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Our prompt design constrains hints to one sentence, emphasizes
conceptual clarity, and gradually increases specificity to preserve
student agency. This aligns with research on scaffold types—such
as sense-making, elaboration, and motivational cues—that support
self-regulated learning [9].

To support diverse learners, the system includes text-to-speech
for reading hints aloud. Our approach combines learning sciences
and prompt engineering to foster scalable support, student agency,
and conceptual understanding.

Evaluation. We evaluated semantic hint alignment using sen-
tence embeddings: 98.1% of hints scored ≥ 0.30 in content alignment
and 44.2% ≥ 0.20 in answer alignment, indicating strong relevance
with minimal over-reliance. GPT-4, used as an LLM-as-a-judge due
to its >85% agreement with human ratings [14], gave an average
score of 0.958 for hints on convergence, pedagogical value, and
context. Combining LLM and cosine scores (0.7/0.3), we computed
a Hint Quality Score of 0.749 [3]. To assess real-world impact, we
developed surveys to collect feedback on clarity, usefulness, and
learning [4].

OngoingWork and Vision. We are investigating hint convergence
across LLMs (e.g., Claude 3, Gemini 1.5 Pro) and exploring alterna-
tive prompting strategies to improve diversity. Future work includes
personalizing hints through difficulty adaptation and embedding-
based models for curriculum-aligned scaffolding [6], reducing re-
liance on proprietary LLMs, and incorporating retrieval-augmented
generation (RAG) for contextualization [2].

CCS Concepts
• Social and professional topics → K-12 education; • Applied
computing → Interactive learning environments; • Comput-
ing methodologies → Machine learning; Natural language gen-
eration.
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