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Abstract. We present CODE-GEN, a retrieval-augmented generation
(RAG)-based agentic AI system for generating context-aligned multiple-
choice questions to develop learners’ code comprehension. CODE-GEN
employs a dual-agent architecture in which a Generator agent produces
questions aligned with course-specific learning objectives and a Valida-
tor agent independently assesses quality across seven pedagogical dimen-
sions, both augmented with specialized tools for computational accuracy
and code verification. To evaluate CODE-GEN, six subject-matter ex-
perts (SMEs) judged 288 AI-generated questions, producing 2,016 human-
AI rating pairs and 131 instances of qualitative feedback. Results show
strong system performance, with human-validated success rates ranging
from 79.9% to 98.6%. CODE-GEN achieves high reliability on dimen-
sions suited to computational verification and explicit criteria matching,
including question clarity, code validity, concept alignment, and correct
answer validity. In contrast, human expertise remains essential for di-
mensions requiring deeper instructional judgment, such as distractor de-
sign and feedback quality. These findings provide evidence-based design
guidelines for the strategic allocation of human and AI effort in AI-
assisted educational content generation.
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1 Introduction

Recent advances in large language models (LLMs) have generated substantial in-
terest in their potential to support teaching and learning in educational contexts
[4, 15]. While prior studies demonstrate that LLMs can generate a wide range of
educational artifacts [7, 1], their adoption in authentic classroom settings remains
limited [10, 12]. This limitation stems from two persistent challenges. First, con-
tent produced by general-purpose LLMs is often overly generic and insufficiently
aligned with course-specific learning objectives [8, 14], undermining instructional
validity and reducing instructor trust in AI-assisted content generation. Second,
although recent work in agentic AI has introduced multi-agent systems with spe-
cialized roles for generation, critique, and revision to improve content quality [18,
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9], these systems frequently assume that automated critique agents provide reli-
able evaluations. In practice, such assumptions are problematic, as LLM-based
evaluators are known to exhibit hallucinations, bias, and inconsistent judgment
[16, 11]. Without systematic validation against human expert judgment, errors
introduced at the evaluation stage risk being amplified rather than corrected.

To address these challenges, we present CODE-GEN (Context-aligned, Output-
validated, Dual-agent, Expert-guided GENeration), an agentic AI system for
generating contextually grounded multiple-choice coding comprehension ques-
tions. CODE-GEN integrates retrieval-augmented generation (RAG) with a dual-
agent architecture in which a Generator agent produces multiple-choice coding
questions aligned with course-specific learning objectives, and a Validator agent
independently assesses question quality across seven pedagogical dimensions de-
rived from established multiple-choice item-writing guidelines. Both agents are
augmented with specialized tools to support computational accuracy and re-
liable code execution verification. To evaluate the effectiveness of this agen-
tic approach, we conducted a comprehensive human evaluation study in which
six subject-matter experts (SMEs) judged 288 AI-generated questions, yielding
2,016 human-AI judgment pairs and 131 instances of qualitative feedback. Anal-
ysis of these SME judgments provides empirical evidence of where agentic AI
systems can reliably support educational content generation and where human
expertise remains essential, thereby characterizing both the strengths and limi-
tations of LLM-based approaches to AI-assisted educational content generation.

The main contributions of the study include: (1) We introduce CODE-GEN,
an agentic AI system that generates context-aligned multiple-choice questions
validated against explicit pedagogical criteria. (2) Unlike prior multi-agent sys-
tems that assume automated critique agents are reliable, we treat automated
assessment as an empirical object of study, systematically comparing Valida-
tor assessments against SME judgments across seven pedagogical dimensions
to identify where automated assessment succeeds and where it falls short. (3)
We derive evidence-based design guidelines demonstrating that AI can provide
scalable, first-line quality control for dimensions involving computational verifi-
cation and explicit criteria matching, while human experts remain essential for
pedagogical judgment, including plausible distractor design and instructionally
rich feedback.

2 Method

2.1 CODE-GEN

CODE-GEN is a RAG-based agentic AI system for generating and validating
multiple-choice coding comprehension questions that are closely aligned with
course-specific learning objectives. Figure 1 illustrates the end-to-end workflow
for CODE-GEN. The workflow begins with instructors uploading instructional
materials, including learning objectives and example questions. These materials
define the authoritative pedagogical context and are indexed through a RAG
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Fig. 1. CODE-GEN end-to-end system workflow.

pipeline. When a user selects a topic, relevant instructional examples are re-
trieved and provided to a Generator agent, which produces multiple-choice ques-
tions grounded in the provided context. The Validator agent then independently
aesses each question item across seven pedagogical dimensions as described in
Table 1. The dimensions are: question stem clarity [6], code validity [3], concept
alignment [2], correct answer validity [17], distractor quality [5], correct answer
feedback quality [6], and distractor feedback quality [5].

Table 1. Evaluation dimensions and Validator assessment outputs.

Evaluation
Dimension

Description Classification
Output

Rationale Output

Question Stem
Clarity

Clarity of the question stem Yes/No Why the question stem is or
is not clear

Code Validity Validity of the generated
code

Yes/No Why the code is or is not
valid

Concept
Alignment

Alignment of the generated
question with the provided
context

Yes/No Why the question does or
does not align with the
provided context

Correct Answer
Validity

Validity of the marked
correct answer

Yes/No Why the marked correct
answer is or is not valid

Distractor
Quality

Plausibility and pedagogical
value of incorrect options

Good/Poor Why the distractor quality
is good or poor

Correct Answer
Feedback
Quality

Quality of feedback in
explaining why the answer is
correct and reinforcing the
underlying concept

Good/Poor Why is the correct answer
feedback quality good or
poor

Distractor
Feedback
Quality

Quality of feedback in
explaining why the
distractors are incorrect

Good/Poor Why the distractor feedback
quality is good or poor

RAG Pipeline To ensure the generated questions are contextually aligned
with course-specific learning objectives, CODE-GEN employs a RAG pipeline
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tailored for coding comprehension multiple-choice questions. Uploaded instruc-
tional materials are segmented using a domain-specific chunking strategy that
preserves semantic coherence. Each semantically coherent chunk is embedded
using the OpenAI text-embedding-3-small model and indexed in a Facebook AI
Similarity Search (FAISS) vector store. When a user initiates question generation
for a given topic, the system identifies the most relevant instructional examples
through nearest-neighbor retrieval. These retrieved examples are embedded into
the Generator agent’s prompt, constraining generation to the intended instruc-
tional context.

Model Selection To select models for the Generator and Validator agents,
we conducted comparative experiments across state-of-the-art commercial LLMs
at the time of the study (Claude Sonnet 4.5, Gemini 2.5 Pro, GPT-5-mini,
and GPT-4.1), prioritizing API-accessible options to ensure reproducibility and
practical deployability. Generator selection criteria emphasized novelty relative
to retrieved context, answer correctness, and response latency; GPT-4.1 was
selected for its balance across all three dimensions. Validator selection focused
on detecting common quality issues such as incorrect answer keys and answer-
feedback inconsistencies; GPT-5-mini was selected for its reliable error detection
and concise validation output.

Tool Augmentation Augmenting AI agents with external tools is an es-
tablished strategy for extending capabilities beyond pure language generation
[13]. In CODE-GEN, we adopt this approach to address two well-documented
LLM limitations. First, because LLMs frequently miscalculate multi-step arith-
metic expressions involving operator precedence, we developed an Arithmetic
Expression Evaluator to support the Generator and Validator with deterministic
arithmetic computation and verification. Second, to support automated valida-
tion of code execution results, we developed a Sandboxed Python Runner for
the Validator to execute code in a restricted environment, capture outputs, and
inspect variable states. Together, these tools improve quality assurance while
maintaining operational security.

Prompt Engineering The Generator and Validator agents use structured
prompts designed to ensure pedagogical alignment, reliable tool usage, and strict
output formatting for consistent parsing and scalable downstream analysis. The
complete prompts are available on GitHub.1

2.2 Human Subject-Matter Expert Evaluation

CODE-GEN leverages human expertise to verify the Validator’s assessments and
mitigate the risk of propagating incorrect or misleading feedback during itera-
tive refinement cycles. We recruited six SMEs (three men and three women),
all with extensive experience teaching introductory programming. Following an
orientation session to establish a shared understanding of evaluation criteria,
SMEs evaluated 288 questions and the associated validations using CODE-GEN.

1 https://github.com/XiaojingDuan/CODE-GEN/.
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Figure 2 illustrates an example of the evaluation interface using a while-loop-
related question created by the Generator. Adjacent to the question, the user
interface displays the Validator’s analysis across seven evaluation dimensions.
For each question, SMEs judged the generated items alongside the Validator’s

Fig. 2. CODE-GEN web user interface.

assessments, indicated agreement or disagreement for each dimension using the
explicit Agree or Disagree button, and provided textual rationales when they
disagreed. Across all experts and dimensions, this process yielded 2,016 SME-
Validator rating pairs and 131 instances of qualitative feedback. Because CODE-
GEN generates unique questions for each user, SMEs evaluated distinct question
sets. As such, traditional inter-rater reliability measures such as Cohen’s κ are
not applicable, as they require multiple raters judging the same items. To assess
evaluator consistency, we examined the SME-Validator agreement rates across
all SMEs. Results show consistent agreement rates across all dimensions (82.5%–
98.4%), with five of seven exhibiting standard deviations of 3.8% or below, in-
dicating that SMEs applied comparable evaluation standards despite reviewing
different question sets.

3 Results and Discussion

3.1 System-Level Quality Analysis Results

To evaluate CODE-GEN’s performance, we treated human SMEs’ judgments as
ground truth and the Validator’s assessments as predictions in a binary classifi-
cation framework. Each SME-Validator rating pair was assigned to one of four
outcome categories: Success (TP), representing high-quality content correctly
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accepted; Failure (FP), representing low-quality content incorrectly accepted;
Safeguarding (TN), representing low-quality content correctly rejected; and
Inefficiency (FN), representing high-quality content incorrectly rejected. Fig-
ure 3 shows system performance by outcome category across all seven evaluation
dimensions.

Overall, CODE-GEN performed strongly. Five of the seven dimensions achieved
human-validated success rates of 92% or higher. Concept alignment exhibited
the highest success rate (98.6%), with only 0.3% failure. This exceptional per-
formance validates that the RAG-based agentic design enables CODE-GEN to
produce highly targeted questions. The other dimensions grounded in explicit

Fig. 3. System quality by evaluation dimension.

criteria and tool-augmented verification, including question stem clarity, code va-
lidity, correct answer validity, and correct answer feedback quality, consistently
achieved high success rates. In contrast, dimensions that require nuanced peda-
gogical judgment achieved comparatively lower success rates. Distractor quality
yielded the lowest success rate (79.9%) and the highest failure rate (15.6%),
while distractor feedback quality showed a success rate of 86.1% with a compar-
atively elevated failure rate (9.4%). These findings reinforce the continued need
for human oversight in evaluating whether distractors effectively target com-
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mon misconceptions and whether feedback adequately elaborates on underlying
concepts.

3.2 System-Level Limitation Analysis Results

To better understand the limitations of CODE-GEN, we analyzed qualitative
feedback from SMEs in the FP and FN cases. FP cases predominantly re-
flected limitations in pedagogical judgment rather than technical correctness.
In the distractor quality dimension, the Generator often produced distractors
that were syntactically valid and superficially plausible but failed to target com-
mon misconceptions. SMEs consistently noted that higher-quality distractors
would better reflect known novice confusions. For example, when the Valida-
tor approved low-quality distractors, one SME critiqued: “These distractors are
obviously wrong. Better examples include pop(‘Leprechaun’), remove(4), and re-
move(3). They reflect students’ common confusion with whether to use index
position or values in .pop() vs. .remove() and miscount the index position by 1.”
Similarly, FP cases in feedback-related dimensions showed that the Validator ap-
proved explanations that correctly described surface-level mechanics but lacked
deeper pedagogical elaboration. For example, when the Validator approved low-
quality feedback, an SME noted: “The feedback didn’t explain the given while loop
reiterates after printing ‘stop’ because it reaches the end of the current iteration.”

FN cases exposed structural weaknesses in the Validator’s reasoning pro-
cess. A common pattern involved misinterpretation of answer schemas, where
the Validator correctly analyzed the code output but confused the answer value
with the option position. For example, when the correct answer was 2, the Val-
idator correctly derived 2 but identified the 2nd option as marked correct even
though the 1st option was the designated correct answer. An SME noted “The
marked answer is the value 2 (option 1), not option 2 (value 3).” Another recur-
ring issue was internal inconsistency, in which the Validator’s detailed textual
analysis affirmed alignment or correctness while its final binary classification in-
dicated the opposite. For example, the Validator’s analysis explicitly affirmed
concept alignment yet generated negative classifications. An SME commented,
“The question aligns with the concept as stated above, but the final evaluation
shows disagreement, which doesn’t make any sense.”

3.3 Discussion

The empirical results show that CODE-GEN achieves strong human-validated
success on dimensions grounded in explicit criteria and computational verifica-
tion, with success rates ranging from 79.9% to 98.6%. In particular, the RAG
pipeline played a central role in ensuring alignment between generated ques-
tions and course-specific learning objectives, as reflected in the exceptionally
high concept alignment success rate. The agentic separation between generation
and validation enabled systematic, dimension-level quality control, while tool
augmentation substantially improved reliability on technically grounded dimen-
sions, such as code validity, correct-answer validity, and correct-answer feedback
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quality. However, the analysis of human-AI disagreement cases shows automated
validation was prone to approving technically correct but instructionally shallow
items, underscoring the need for human oversight on pedagogically sensitive di-
mensions such as distractor design and feedback quality. Taken together, these
findings offer evidence-based design guidelines for AI-assisted educational con-
tent generation: AI can provide scalable first-line quality control while human
experts remain essential for ensuring pedagogical depth and overall instructional
quality.

4 Limitations and Future Work

While this study focused on introductory Python, the underlying architecture,
including the dual-agent workflow, RAG-based retrieval, and a dimension-level
evaluation framework, is domain-agnostic. Future work can extend CODE-GEN
to other domains by adapting domain-specific components such as the chunking
strategy and tool augmentation. Another important future direction is iterative
refinement. CODE-GEN currently uses single-pass generation by design, as it-
erative refinement requires confidence in the Validator’s reliability, which this
study was designed to establish. The findings now provide an empirical basis for
future selective iterative refinement.
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