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Figure 1: Overview of the LLM-Based Educational Platform: (A) Landing page introducing the pedagogical framework. (B)
Content organization showing weekly and thematic learning modules designed to support AI-mediated learning. The full
content (in Korean) is available at https://buly.kr/ChqMXP5.

Abstract
The widespread accessibility of Large Language Models (LLMs)
has disrupted traditional pedagogical norms, forcing a critical re-
evaluation of authorship, literacy, and academic integrity. This work
presents the design and reflection of a university-level curriculum
that aims not merely to teach operational AI tool usage, but to
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cultivate critical, responsible, and research-informed engagement
with generative AI. We describe a structured instructional frame-
work that integrates conceptual foundations of probabilistic gener-
ation, responsible academic practices, tool differentiation, research
literacy, and programming–prompting workflows, emphasizing
human-in-the-loop reasoning and process transparency through
mechanisms such as audit trails and structured reflection. Through
this implementation, we identify three key tensions shaping AI-
mediated education: tool obsolescence in rapidly evolving ecosys-
tems, the need for process-centered assessment, and disparities
in AI interaction quality across disciplinary environments. We ar-
gue that sustainable AI pedagogy requires balancing tool-centered
engagement with concept-centered literacy, enabling transferable
competencies that persist beyond any single platform.
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1 Introduction
The rapid integration of generative AI into higher education has
fundamentally altered academic work, offering efficiency while
challenging traditional notions of literacy and intellectual owner-
ship [5, 12]. While AI tools reduce friction in tasks like drafting
and debugging, their rapid evolution risks rendering tool-specific
instruction immediately irrelevant [25]. Furthermore, an “AI di-
vide” persists: computational disciplines often embrace optimiza-
tion, whereas humanities fields may perceive conflicts with creative
practices [6, 32]. This landscape complicates the distinction between
learning with AI and learning replaced by AI, making traditional
artifacts unreliable indicators of understanding [18, 26].

To address these systemic shifts, this study proposes a resilient
pedagogical framework that transcends technological flux. We in-
vestigate how to design curricula that balance practical tool expo-
sure with enduring cognitive skills, fostering universal AI literacy
across technical and non-technical disciplines [14, 19]. Central to
our approach is shifting the educational focus from tool proficiency
to “process visibility,” where reasoning, validation, and revision
become the primary objects of assessment [21, 24].

We present the design and reflection of an interdisciplinary cur-
riculum structured around four pillars: (1) conceptual foundations
of probabilistic systems, (2) responsible verification practices, (3)
research-informed tool differentiation, and (4) human-centered
workflows. By synthesizing these elements, we offer a validated
model for AI-mediated learning that ensures conceptual durability
[17, 19]. Ultimately, this work navigates key tensions in assessment
and disciplinary divergence, aiming to shift the discourse from how
to use tools” toward how to learn meaningfully in the presence of
AI.”

2 Background & Related Works
2.1 Generative AI in Higher Education and the

Assessment Paradox
Initially adopted as auxiliary tools for information retrieval or gram-
mar correction, generative AI systems have evolved into versatile
conversational agents capable of producing essays, programming
code, research summaries, and creative artifacts on demand [5, 12].
This expansion of capability has generated both optimism and con-
cern within educational communities. On the one hand, AI offers
opportunities for personalized feedback, accessibility support, and
reduced cognitive barriers for novice learners [10]. Conversely, it in-
troduces risks related to academic integrity, overreliance, epistemic
trust, and the erosion of foundational reasoning skills [7, 26].

A growing perspective suggests that introducing AI tools at the
undergraduate entry stage is particularly critical. Rather than mere

technical skill acquisition, early exposure functions as the devel-
opment of cross-disciplinary cognitive infrastructure. It enables
students to contextualize these systems before disciplinary habits
become rigidly specialized, allowing them to approach AI not as
a domain-specific instrument but as a flexible cognitive partner
[17]. Importantly, the pedagogical value lies less in mastering in-
terfaces and more in cultivating transferable competencies that
remain relevant despite rapid technological change [14].

However, this pedagogical imperative creates a fundamental
paradox in assessment. Traditional evaluation systems often rely on
the quality of final artifacts as proxies for understanding. Yet, when
AI systems can generate polished outputs with minimal human ef-
fort, artifact-centered assessment becomes fragile as an indicator of
genuine learning [18]. Consequently, academic integrity is shifting
from a focus on detecting unauthorized assistance to redefining
legitimate evidence of learning. Institutions are increasingly pri-
oritizing process-centered assessment, emphasizing transparency,
verification practices, and reflective documentation, rather than
relying on the final output alone.

2.2 From Critical Literacy to
Human-in-the-Loop Learning

The integration of AI into education necessitates a shift from oper-
ational proficiency toward broader forms of AI literacy. AI literacy
extends traditional notions of digital and information literacy by
emphasizing not only the ability to use tools but also the capacity
to understand their limitations, biases, and probabilistic nature [19].
Rather than equating literacy with efficiency, recent scholarship
frames it as the cultivation of critical awareness, skepticism, and
epistemic responsibility. In AI-mediated environments, this means
recognizing that generated content is neither authoritative nor
neutral, but contingent upon training data and prompt structure
[25].

This critical foundation enables the Human-in-the-Loop (HITL)
learning model, which conceptualizes AI not as an autonomous
replacement but as an augmentative partner. This paradigm empha-
sizes mixed-initiative interaction, where both human and machine
contribute to problem solving while maintaining human oversight
[3]. Concepts such as cognitive offloading and co-creative inter-
action illustrate how AI can extend human capabilities without
displacing core reasoning processes [21]. In educational contexts,
this approach reframes generative AI from an answer-producing
mechanism into a dialogic medium that supports inquiry, iteration,
and metacognitive reflection, ensuring that students actively guide
and critique the AI’s output [21].

2.3 Context of the Study: AI-Integrated
Curriculum Initiative

This study stems from the “Advanced Technology Educational Con-
tent Development” initiative at the Undergraduate College of Seoul
National University. The program seeks to innovate pedagogy by
utilizing emerging technologies, such as AI, AR/VR, and the Meta-
verse, to create immersive and personalized learning environments.
It invites proposals that integrate these tools into classroom instruc-
tion to drive digital transformation in undergraduate education.
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In response to this call, the authors proposed and executed a
project specifically focused on “Learning how to learn with LLMs.”
Our objective was to move beyond the novelty of the technology
to explore how Large Language Models could function as effective
cognitive partners for self-regulated learning. Over a six-month
period, we conducted a comprehensive development process that
included extensive literature reviews, empirical evaluation of gen-
erative tools, student interviews, and iterative content design. The
resulting curriculum and guidelines were synthesized into a web-
based educational resource, the specific structure and components
of which are detailed in the following section.

3 Implementation
3.1 Foundations and Responsible Use
3.1.1 Generative AI Foundations. We introduced generative AI
as a class of probabilistic systems that can produce plausible out-
puts across text, code, and multimodal content, while remaining
fundamentally non-authoritative. Instead of teaching a single prod-
uct workflow, this module aimed to build transferable conceptual
understanding that remains applicable as tools evolve [4]. This em-
phasis is particularly important for students in undeclared-major
programs, who will encounter generative AI in diverse disciplinary
settings (e.g., humanities writing, design ideation, quantitative anal-
ysis, and programming). Accordingly, we focused on the practical
implications of how generative models behave. We explained how
instruction following emerges as conditional generation, why out-
puts can appear confident despite being incorrect, and what typical
failure modes look like in academic work, including hallucinated
facts, fabricated citations, and hidden assumptions. This framing
helps students treat model responses not as final answers, but as
drafts that require scrutiny, contextualization, and revision.

3.1.2 Responsible Use as an Academic Practice. We framed respon-
sible use not as abstract ethics but as a set of actionable academic
practices that align AI assistance with learning goals while miti-
gating risks related to integrity, privacy, and harm [8]. The module
emphasized concrete norms by asking students to verify claims
through triangulation, document prompts and outputs, avoid dis-
closing sensitive information, and check for bias and overgeneral-
ization. Crucially, we articulated boundaries between permissible
support (e.g., brainstorming, debugging) and impermissible sub-
stitution (e.g., submitting AI-generated work as one’s own). To
operationalize these norms, students engaged in reflective exercises
comparing outputs under controlled prompts and produced light-
weight audit trails recording what was asked, returned, verified,
and used.

3.2 Learning with AI Tools &
Research-Informed Practice

3.2.1 Learning with AI Tools. By experiencing specialized tools
designed for different purposes (research assistance, content cre-
ation, workflow automation), students learn to distinguish between
tools rather than treating GenAI as a monolithic entity. Learning
to create custom GPTs shifts students from passive consumers to
informed designers, fostering critical awareness of how these tools
are constructed and what affordances they provide. This hands-on

exposure is particularly crucial for students in undeclared major
programs who will encounter GenAI across vastly different dis-
ciplinary contexts—from literature analysis to data science, from
design to engineering. Before committing to specific majors, stu-
dents need broad exposure to understand which AI tools align with
particular disciplinary practices and learning goals. Rather than
accepting or rejecting AI wholesale, they develop the capacity to
make nuanced, context-specific judgments about when and how
to integrate these tools into their learning processes across diverse
academic domains.

3.2.2 LLM-Based Learning Research. Fixed guidelines become out-
dated as technology evolves rapidly. Equipping students with re-
search literacy skills allows them to critically engage with emerg-
ing evidence about how LLMs affect learning processes, building a
transferable approach that remains relevant despite technological
change. By analyzing empirical studies alongside usage guidelines,
particularly in programming education where LLM integration is al-
ready widespread, students learn to distinguish between anecdotal
claims and evidence-based conclusions about AI’s educational im-
pact. This research-informed stance is essential for self-determined
technology use. Students learn to identify both opportunities (per-
sonalized feedback, error explanation) and risks (overreliance, re-
duced problem-solving practice) documented in research, enabling
strategic adoption and resistance. Rather than following institu-
tional mandates or tech advocacy, they can ground their decisions
about when AI supports learning goals versus when it introduces
counterproductive shortcuts in empirical evidence. This critical
engagement models an approach students can apply to future tools
and contexts they will encounter throughout their academic and
professional lives.

3.3 Bridging Fundamentals with AI:
Programming & Prompting

3.3.1 Democratizing Computational Thinking through Structured AI
Usage. We presented programming as a universal tool for problem-
solving and automation rather than solely a Computer Science
discipline. Generative AI has significantly lowered entry barriers
through natural language programming. However, we argue that
effective utilization still requires a fundamental understanding of
computational mechanisms. To bridge the gap between intent and
execution, we structured the curriculum around a systematic 11-
stage programming workflow, grounded in traditional software
construction principles [15]. This workflow ranges from problem
analysis and algorithm design to variable planning, implementa-
tion, and documentation. In each stage, we integrated specific LLM
interactions. For example, students used LLMs to draft pseudocode
during the design phase or to interpret error messages during de-
bugging. This structure ensures that LLMs augment the thinking
process instead of allowing students to bypass the foundational
understanding of code construction.

3.3.2 Prompt Engineering as a Framework for Active Inquiry. We
framed prompting not as a collection of optimization hacks, but as a
methodology to understand the capabilities and limitations of LLMs.
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Drawing from recent survey paper [23], we curated prompting tech-
niques specifically for self-directed learning contexts. These tech-
niques included Chain-of-Thought (CoT) [30] and Persona adop-
tion [31]. For instance, students applied ’Persona’ to generate cus-
tomized quizzes and ’CoT’ to decompose complex study topics. A
core pedagogical emphasis was that high-quality AI output depends
on high-quality human input. We facilitated a “Self-Learning Lab”
where students applied these strategies to personal learning goals,
such as acquiring a new language or web development skills. This
process demonstrated that effective GenAI usage requires users to
define problems and structure inquiries deeply. Consequently, it
reinforces the “human-in-the-loop” as the primary orchestrator of
the learning process.

4 Discussion
4.1 Tool obsolescence and pedagogical

sustainability
A central tension in implementing AI curricula is the risk of tool
obsolescence within rapidly evolving ecosystems. While platforms
like GPTs and NotebookLM provide authentic experience, the rapid
shift in their capabilities exposes the fragility of tool-specific knowl-
edge. Consequently, our framework emphasizes transferable mental
models [14]—such as probabilistic generation and verification prac-
tices—over fixed procedural workflows. However, tool-centered
learning remains a vital entry point that grounds abstract concepts
in recognizable academic tasks[19]. Pedagogical sustainability is
thus achieved by treating specific tools as interchangeable exem-
plars while maintaining invariant competencies, like research lit-
eracy and human-in-the-loop reasoning, as the stable core[29]. By
oscillating between concrete engagement and conceptual abstrac-
tion, we enable students to adapt their understanding as new tools
inevitably emerge.

4.2 Recalibrating Assessment for Learning with
Generative AI

The proliferation of generative AI has significantly lowered the cost
of producing high-quality artifacts, making it increasingly difficult
to infer student understanding from final outputs alone [13]. When
assessment remains fixated on these products, it incentivizes the
use of AI as a performance shortcut rather than a learning support
[9]. The critical challenge is therefore to redefine valid evidence of
learning by shifting evaluation focus from the final answer to the
process of inquiry.

In AI-mediated environments, meaningful indicators of learning
lie in how students frame problems, interrogate sources, and revise
outputs. We propose using "lightweight process records"—such as
revision traces or verification logs—as pedagogical instruments to
make these invisible cognitive steps accountable [11]. This approach
prioritizes human judgment, evaluating whether learners treat AI
outputs as provisional drafts requiring critical refinement.

Operationally, this necessitates rubrics that explicitly reward
verification, error correction, and uncertainty management along-
side correctness [20]. To ensure equity, assessment criteria must
prioritize epistemic rigor over mere fluency with specific tools [1].
By formally recognizing and rewarding the labor of verification

and justification, assessment can transform generative AI from a
mechanism for score optimization into a catalyst for deeper, critical
learning.

4.3 Navigating the AI Divide: From Usage
Quality to Disciplinary Ecosystems

Our observations reveal a significant divergence in interaction
quality, where power users” accelerate growth while others exhibit
counterproductive behaviors like blindly accepting unverified out-
puts [2]. This misuse often stems from a disparity in accumulated
trial-and-error experiences, preventing students from developing
the literacy of skepticism” needed to navigate hallucinations [29].

We argue that this experience gap is closely tied to disciplinary
ecosystems, as a student’s major shapes their intrinsic motivation
to automate. For instance, while Computer Science prioritizes opti-
mization, Humanities students may view such tools as secondary
to creative processes, rendering the utility of AI a subjective per-
ception shaped by the academic environment [16].

Therefore, fostering true self-determination” [22] requires aban-
doning a monolithic curriculum that risks being inefficient for
experts while unapproachable for novices. Instead, we propose a
flexible framework [27] that establishes a baseline of critical liter-
acy while branching into context-aware applications that respect
diverse disciplinary needs [28]. The ultimate goal is to scaffold this
learning to bridge the experience gap” without imposing a singular,
engineering-centric view of AI proficiency.

5 Conclusion
We explored how higher education can move beyond binary nar-
ratives of adoption versus resistance and instead foster critical
engagement with generative AI. Through the design and reflection
of a university-level curriculum, we argued that the value of AI
integration lies not in mastering specific tools but in cultivating
transferable competencies such as verification practices, research
literacy, and human-in-the-loop reasoning.

This work offers a reflective framework rather than a finalized
model. Future efforts may extend this approach through empirical
evaluation across diverse institutional contexts and collaborative
curriculum design. Ultimately, the goal is not to normalize AI use un-
critically, but to support learners in exercising informed judgment,
knowing when to adopt, when to question, and how to engage with
AI as part of their evolving academic and professional practices.
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