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Abstract
[bookmark: OLE_LINK5]The rapid integration of AI into education is reconfiguring the extent to which students can delegate cognitive labor during learning. This may increasingly widen the gap between AI-assisted performance and independent competence. To account for this gap, this paper develops cognitive debt as an analytical metaphor for the accumulating divergence between the two. This paper argues that AI delegation is productive when it reduces processing peripheral to the learning objective while preserving processing necessary for the development of independent competence; cognitive debt emerges when AI substitutes for the development of independent competence and may compound when underdeveloped competence impedes the evaluation of subsequent AI output. This paper further argues that AI becomes meaningfully different from conventional cognitive offloading when students not only delegate cognitive execution but also cognitive authority to AI. On this basis, the paper proposes calibrated dependence as a solution where students utilize AI while retaining cognitive authority and independent competence required to regulate both present and future delegation.
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Introduction
In contemporary times, there is an increasing prevalence of Artificial Intelligence (AI) in the educational landscape: a survey of 3,839 high-educations students across 16 countries in 2024 found that 86% used AI in their studies (Digital Education Council, 2024). Students can offload cognitive labor that they would otherwise need to perform using only their internal capabilities. Cognitive offloading—the use of external resources to reduce one's cognitive load—provides a framework for studying the transfer of cognitive labor. However, this concept does not specify whether the delegated cognitive labor is peripheral to or required for the development of independent ability. Therefore, this essay conceptualizes AI delegation as cognitive borrowing: using externally provided cognitive ability to enhance immediate performance. In this metaphor, cognitive debt refers to the situation where AI-assisted performance exceeds independent ability. Interest then accrues from the further dependence and delegation that result from this performance-competence gap. This paper argues that AI creates cognitive debt by replacing competence-building processes; at that point, AI delegation is no longer significantly different from traditional cognitive offloading because students have delegated both cognitive execution and cognitive authority.

Productive Cognitive Borrowing
Cognitive borrowing does not necessarily result in cognitive debt; it is productive when AI offloads processing peripheral to competence building and those offloaded cognitive resources are reinvested in independent competence. This redistribution of cognitive resources occurs through cognitive offloading: external resources reduce the cognitive demands borne internally by the student (Risko & Gilbert, 2016). Cognitive Load Theory elucidates the conditions under which such a reduction may confer benefits: working memory has finite processing capacity, such that competing task demands draw upon limited cognitive resources (Schnotz & Kürschner, 2007). Demands may arise as intrinsic load, generated by the inherent complexity of the material, or extraneous load, generated by poor instructional design and features irrelevant to learning. As extraneous load expends working-memory resources without contributing to schema acquisition, its attenuation can preserve capacity for competence-building processing directed towards schema construction. However, whether a demand is extraneous depends on the learning objective: processing peripheral to one objective may be essential to another. Therefore, productive cognitive borrowing is contingent on two conditions: the delegated process must be peripheral to the learning objective, and the released resources must be reinvested in germane processing. When both conditions are satisfied, AI delegation redistributes cognitive resources, potentially improving immediate performance. In Feng’s randomized study of 484 EFL students, students receiving AI-generated adaptive feedback had analogous pre-test cognitive-load scores to controls; yet, post-test scores revealed a mean load of 1.22 against 7.29, while the adaptive-feedback condition simultaneously produced the strongest language-learning performance (p<0.001) (Feng, 2025). Feng’s findings demonstrate that lower cognitive load can coexist with stronger immediate performance; however, they do not delineate which cognitive demands were reduced: AI delegation may attenuate demands arising from peripheral processing or competence-building processing. Consequently, the findings cannot substantiate that the released cognitive resources were reinvested in for competence-building processing, nor that stronger immediate performance translated into greater independent competence. These limitations raise a more consequential inquiry: what occurs when AI offloads competence-building processing?

Formation of Cognitive Debt
	Cognitive borrowing becomes cognitive debt when AI substitutes for competence-building processing, allowing AI-assisted performance to outpace student’s independent competence. Kapur’s (2014) research on productive failure underscores the pertinence in preserving competence-building processing. Despite initially yielding suboptimal or incorrect answers, students who attempted novel mathematical problems before receiving instruction later demonstrated stronger conceptual understanding and transfer as opposed to students who merely evaluated others’ solutions. The initial failure compelled students to activate prior knowledge and identify limitations in their understanding. This pre-instruction competence-building process helped the students learn better in the following lessons and made the initial failure worthwhile. When generative AI provides a feasible solution before this competence-building process, students achieve success without undergoing the cognitive processing required for the development of independent competence. Therefore, the improvement in AI-assisted performance may not be accompanied by an increase in independent ability; thus, a performance-competence gap and cognitive debt are created. Bastani et al. (2025) have observed this difference in almost 1,000 high school students. Students who were given free access to GPT-4 performed 48% better in assisted practice, but after losing access, their scores dropped by 17% on an unaided examination. Students who used a safeguarded GPT tutor with hints and independent attempts did not show a significant decline in performance afterwards. The contrast indicates that cognitive debt is contingent on whether assistance supplants or preserves the competence-building processing required for later independent performance.

[bookmark: OLE_LINK3][bookmark: OLE_LINK4]Compounding Cognitive Debt
[bookmark: OLE_LINK2][bookmark: OLE_LINK6]Cognitive debt starts to accrue interest when the initial performance-competence gap reduces students' ability to regulate subsequent use of AI; if this impaired regulation increases the risk of further cognitive borrowing, the debt may then be compounded. The two reasons for this self-reinforcing effect are as follows. First, a weaker competence will decrease student’s error detect abilities. Since error detection relies on pre-existing knowledge and schemas, when these structures are lacking, students have fewer reference points to judge the correctness and rationality of AI's results. Dauer et al. (2024) found that students with a deeper understanding of biology were more likely to spot errors in the scientific model in their own work. Second, processing fluency in AI output can increase the perception of credibility. Reber and Schwarz (1999) found that participants judged easy-to-process statements as more truthful, even when the content was identical. An analogous trend appeared in a study of large language model (LLM) responses: Steyvers et al. (2025) found that longer LLM-generated explanations increased participants’ confidence without improving their competence to distinguish correct and incorrect answers. Together, the two mechanisms converge to determine students’ judgment of their own competence: limited knowledge decreases students’ abilities to detect errors within an output, yet fluent prose makes the output feel compelling. Students’ confidence may therefore exceed their actual competence; the confidence-competence discrepancy constitutes metacognitive miscalibration. This miscalibration may weaken students’ capacity to regulate subsequent AI use, increasing the likelihood of further AI delegation. Thus, earlier borrowing weakens the evaluative capacity required to regulate later borrowing. The resulting additional dependence constitutes the interest on cognitive debt; when that dependence produces further delegation and widens the performance–competence gap, the cognitive debt compounds.	
Boundaries of AI Delegation
	Since cognitive debt increases with further delegation, limiting it requires students to retain the capacity for self-regulation of delegation. The rule specifies whether what is delegated is cognitive execution—the performance of a particular operation—or cognitive authority, which concerns what to evaluate, how to evaluate a task, and the final judgment. Older tools can also affect cognitive execution and cognitive authority; search rankings influence the sense of relevance, and GPS systems guide the selection of routes. Therefore, AI is not inherently different from traditional cognitive offloading; what matters is what the student offloads to AI. When cognitive execution is delegated, it is still cognitive offloading; when cognitive authority is delegated, however, AI delegation differs significantly because the student externalizes the evaluative control required to regulate cognitive offloading itself.
	Admittedly, as AI-assisted performance is becoming increasingly ubiquitous, independent competence might not remain indispensable. Human cognition has long been supported by external tools, and complete independence from AI may not be feasible. However, to use AI effectively, some internal abilities are still required to guide, assess, verify, and reject external help. Zhao et al. (2025) reported a moderate positive effect of AI on higher-order thinking, although the size of the effect varied with intervention duration and students' self-regulated learning abilities. As such, the effect of AI assistance may vary according to the specific circumstances of its application. Hence, the appropriate goal is neither complete independence from AI nor unrestrained dependence on it, but calibrated dependence. The three criteria for assessing calibrated dependence are: whether the offloaded cognitive process is peripheral to the learning goal, whether the learner has retained evaluative authority, and whether the target competence can be demonstrated independently later. In short, the support provided by AI should preserve the capacity and cognitive autonomy of learners at that learning stage.

Conclusion
AI delegation can extend student’s immediate cognitive reach and improve immediate learning performance. However, this borrowing may result in cognitive dept: AI is used for competence-building processing instead of peripheral processing, AI-assisted performance may exceed independent competence, creating a performance-competence gap that is cognitive debt. The cognitive debt may compound if student’s reduced independent competence results in an increased reliance on AI and therefore, more cognitive labor delegated to AI. Hence, while AI is not inherently different from traditional cognitive offloading, it might become different if the use of AI substitutes the student’s own ability or judgment. Ultimately, a solution is to use calibrated dependence as means of regulating the use of AI, where students may delegate peripheral processing to AI while retaining competence-building processing and cognitive authority.
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