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Abstract
Large Language Models (LLMs) have shown the potential to gen-
erate code explanations that surpass those of peers in quality, of-
fering promising opportunities for computer science education.
Inspired by this, we explore whether combining multiple diverse
explanations, each emphasizing distinct aspects (e.g., function, con-
cept, goal), can enhance students’ understanding of programming
exercises compared to generic explanations that do not empha-
size distinct conceptual aspects. Insights from other !elds, such as
computational creativity, suggest that diverse ideas may be more
bene!cial than relying solely on a single, high-quality option. Vari-
ation Theory holds that learners grasp a concept when they see
systematic variation that exposes its critical features, helping them
distinguish it from related ideas. In creative domains, uniform or
homogeneous exemplars can lead to design !xation, whereas varied
inputs support more "exible reasoning. In a study with 971 !rst-
year computing students, participants were randomly assigned
either diverse or generic LLM-generated explanations for two pro-
gramming exercises. Students completed multiple-choice (MCQ)
and open-ended (OE) questions for each exercise to assess under-
standing, followed by Likert-scale questions and OE re"ections to
understand preferences and perception. Across participants, perfor-
mance was consistently 7.7% higher when students received diverse
explanations, and there was no di#erence in perceived cognitive
load. Performance on the closed-form multiple-choice questions
was similar for diverse and generic explanations.

CCS Concepts
• Social and professional topics→ CS1; • Computing method-
ologies → Arti!cial intelligence.
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1 Context and Motivation
Teaching students code comprehension skills has been a long-
standing and important pedagogical goal within computing ed-
ucation [2, 7]. Recent advances in LLMs enable the immediate,
automatic generation of diverse code explanations [5, 12, 13], and
even creative analogies [1] that connect with students on a personal
level. Prior work shows that LLMs can generate high-quality expla-
nations [6, 9], but it remains unclear whether presenting multiple,
thematically distinct explanations can outperform a single, generic
explanation in fostering deeper student understanding.

Insights from other !elds, such as computational creativity, sug-
gest that diverse ideas may be more bene!cial than relying solely
on a single, high-quality option [14]. This aligns with Variation The-
ory [8]. Motivated by this, we investigate whether incorporating
multiple LLM-generated diverse code explanations can enhance
students’ understanding of programming exercises compared to
relying on generic explanations. These were compared with generic
explanations, which cover the snippet in an all-purpose way, rather
than highlighting a speci!c aspect.

To address this gap, we conducted a large-scale, between-subjects
study with 971 !rst-year computing students.

2 Methodology and Results
This study was conducted during regular lab sessions for a !rst-
year engineering programming course at a large public research
university. A total of 785 students provided su$ciently complete
open ended (OE) responses, and all 971 completed the multiple-
choice question (MCQ) items. Participants were randomly assigned
(between-subjects) to receive three Generic (G) or three Diverse (D)
explanations for two programming snippets.

We used GPT-4o to generate explanations. For Generic expla-
nations, we issued the identical prompt, “Explain what this code
does in plain text,” three times and showed the three plain-text sum-
maries together. For Diverse explanations, we asked three targeted
prompts that used di#erent perspectives on the same snippet: an
explanation of the function, goal, and concept. After each snippet,
students answered one MCQ and one OE question and then rated
two Likert items on perceived helpfulness and amount of infor-
mation provided by the explanation. A rubric was developed to
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categorize answers as correct or incorrect based on the accuracy
and completeness of the conceptual explanations provided by stu-
dents. Inter-rater reliability was assessed amongst 5 raters using
Fleiss’ Kappa [4] (𝐿 = 0.75).

MCQ accuracy was consistently high (>87%) across all condi-
tions, with negligible di#erences between diverse and generic ex-
planations. In OE (Table 1), we observed consistent improvements
for diverse explanations: sumArray +7.7%, randomizeString +8.1%,
countChar +7.7%. A logistic regression found the di#erence not
statistically signi!cant (z = 2.15, 𝑀 = 0.095). Helpfulness and per-
ceived information amount did not di#er signi!cantly across groups
(𝑁 (7) = 4.42, 𝑀 = 0.73; 𝑁 (7) = 3.57, 𝑀 = 0.83).

Table 1: Performance comparison between Diverse and
Generic across three problems (sumArray, randomizeString,
countChar).

Category Total Correct % Correct
sumArray - Diverse 403 193 47.90
sumArray - Generic 381 153 40.16
Accuracy Increase +7.74
randomizeString - Diverse 187 123 65.80
randomizeString - Generic 201 116 57.70
Accuracy Increase +8.10
countChar - Diverse 211 148 70.10
countChar - Generic 186 116 62.40
Accuracy Increase +7.70

3 Discussion
Our results did not show any signi!cant di#erences in performance
between students who received diverse explanations and those who
received generic ones. However, Variation Theory [8] postulates
that learning is most e#ective when learners are exposed to key
variations across examples, which allows them to discern critical
features and conceptual distinctions. While our intervention aimed
to introduce diversity in the explanations provided, it is possible
that the sources of variation that we employed were not aligned
with the dimensions that students needed to discern in order to
develop their understanding.

These !ndings can also be interpreted through Cognitive Load
Theory [3, 15]. Presenting multiple explanations, regardless of
type, may have increased extraneous load, and students may have
adapted by selectively ignoring some content. In that case, the
lack of di#erences in perceived overload and helpfulness could re-
"ect non-engagement rather than equal cognitive e$ciency. It is
therefore possible that the task load in both conditions was high
enough that many students did not fully engage with the materials,
dampening potential bene!ts of the diverse explanations. While
the design aimed to reduce extraneous load via concise, dimension-
focused segments [10] consistent with prior work on segmented
materials [11], students’ self-regulation strategies under load may
have limited their uptake.

4 Limitations
While this study suggests that diverse LLM-generated explanations
can help students understand recursion, several factors limit what
we can conclude. First, all participants came from a single course

taught by the same instructor, so strong baseline teaching and
shared deadlines may have reduced di#erences between conditions.
Second, students only saw two short code snippets and were tested
immediately, which may not capture e#ects that show up with
more practice or over time. Finally, high overall scores point to a
possible ceiling e#ect; when students already perform well, small
improvements are harder to detect. Future work should test broader
tasks, repeated exposure, and long-term retention to better measure
the impact of explanation diversity.
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