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What is gained and lost when students delegate cognitive labor to AI? Is this simply cognitive offloading, or something fundamentally different?
Anastasiia Sharkova

Abstract
The essay examines whether handing over part of the cognitive workload to generative AI is merely an extension of the existing offloading practice or whether it represents a completely different phenomenon. Drawing on theoretical distinctions between rule-based automation and AI, essay analyses three mechanisms through which AI delegation may reduce thinking abilities: cognitive fatigue, automation-induced skill decay, and population-level homogenisation of reasoning. Empirical evidence from EEG studies, software development experiments, and educational research indicates significant negative correlations between AI reliance and cognitive performance, including reduced brain connectivity and lower conceptual understanding. However, outcomes depend on interaction type—AI that “asks” through Socratic questioning sustains skills, whereas AI that “tells” fosters dependency. Essay contests that for discontinuity from traditional offloading based on scale, homogenisation, and developmental asymmetry: AI substitutes higher-order cognition, reduces collective reasoning diversity, and prevents learners from acquiring competences. Thus, while AI enhances immediate task output, it generally undermines long-term cognitive competence.
Essay
The way that Risko and Gilbert define cognitive offloading suggests that we should use external devices as a means of storing and processing information in order to conserve our cognitive resources (Risko & Gilbert, 2016). The theory of the extended mind holds that these external devices do not take anything away from users; since people would have had to process the information anyway, calculators and search engines do not make individuals less intelligent. Some researchers stress the difference between offloading and the practice of delegating work to generative AI, since generative AI does precisely this – it carries out the integration and processing of information for you. León-Domínguez refers to this as a “cognitive prosthesis”—“a logarithmic amplifier of cognitive offloading which takes on the cognitive tasks as a whole” (León-Domínguez, 2024). Sternberg makes a slightly different distinction: generative AI carries out the high-level cognitive work itself, whereas the lower-level work that used to support it is done by the person (Sternberg, 2026). The significance of this distinction lies in what might be termed the “use it or lose it” principle: Kohn and Schooler have demonstrated that the cognitive abilities of adults depend on the cognitive challenges that arise from their daily activities, so that less demanding jobs raise the risk of cognitive decline over time (Kohn & Schooler, 1973). Therefore, handing over more of the “use” of one’s cognitive abilities to AI could result in their deterioration. Sternberg considers the distinction important because of Searle’s Chinese Room argument, according to which manipulating symbols does not amount to understanding even if the output appears competent (Searle, 1980; Sternberg, 2026).
Given this, the next question is about just how this delegation leads to reduced thinking. The first proposed mechanism is cognitive fatigue. Tian and Zhang see cognitive fatigue as a mediator of the impact of relying on AI on critical thinking through two routes: cognitive underload resulting from excessive delegation and information overload resulting from the amount of content generated (Tian & Zhang, 2025). Both of these routes are connected with cognitive fatigue, a phenomenon based on the idea of ego-depletion, whereby cognitive capacity is limited and ongoing efforts cause the depletion of these resources and a decline in self-regulation. As Ahmed and Rasul have found in their research into digital fatigue, people who suffer from cognitive fatigue are more likely to accept falsehoods without critical evaluation, a situation which the researchers describe as evidence of a tendency to uncritically accept AI output (Ahmed & Rasul, 2023).
A second mechanism results from the theoretical examination of AI in the field of medicine and brings to light the important distinction between automation bias and automation-induced complacency, both of which disappear when automation is no longer present, and between skill decay, which does not disappear. It is claimed that generative AI is more likely to cause skill decay than earlier forms of AI since it takes over control of the cognitive process rather than merely applying fixed rules (Macnamara et al., 2024).
The third mechanism is not based on the individual but is instead population-based; the homogenization literature suggests that reasoning diversity serves as the resource for collective intelligence, whereas LLMs are trained to maximize performance rather than diversity and as a result their outputs tend to show the central tendency response (Sourati et al., 2026). Doshi and Hauser have shown this empirically since, although AI-assisted stories were found to be more creative at the individual level, they were more similar among individuals and thus a social dilemma arose between individual creativity and collective creativity (Doshi & Hauser, 2024).
These mechanisms are backed by a large amount of empirical evidence. Regarding correlation, Gerlich (2025) found a statistically significant negative relationship between the frequency with which people use AI and their critical thinking scores, the cognitive offloading serving as a mediator. As shown in the EEG study carried out by Kosmyna et al., the individuals who wrote the essays without any help showed the highest level of brain connectivity, whereas those who used LLMs to write their essays had the lowest level of connectivity of all the groups looked at (Kosmyna et al., 2025). When the same people had written the essays without assistance, those who later used an LLM exhibited lower connectivity in their EEG results. A similar difference between performance and understanding was also found by Shen and Tamkin, who looked at skill transfer (Shen & Tamkin, 2026). Thus, professional software developers who fully entrusted the coding task to AI were able to produce the code successfully but performed 17 per cent worse on conceptual tests relating to the same task when compared with developers who did not use AI assistance. In the study involving 285 students in Pakistan and China, AI dialogue systems were associated with 68.9% of students becoming lazier and 27.7% of students having worse decision-making skills (Ahmad et al., 2023).
Given the large amount of evidence available, it would be unreasonable to claim that there are no advantages to handing tasks over to AI tools. For example, Bai and Wang find that good human-AI interaction can actually increase motivation and self-efficacy instead of decreasing them, which means that the outcomes depend on the way in which the interaction takes place rather than on the use of the AI tool (Bai & Wang, 2023). A clear difference is seen in most of the studies: they make a distinction between AI that “tells” and AI that “asks”. As Danry points out, the type that “tells” causes people to become dependent on AI tools since Socratic questioning helps to build sustainable skills, while the one that “asks” boosts one’s confidence (Danry et al., 2023). According to Costello et al., conversations with AI result in lower conspiracy beliefs when they provide customized counterevidence rather than simply attempting to persuade (Costello et al., 2024). In other words, the benefit arises from the process of engaging with one’s own thoughts rather than from having confidence in the answer given. This same idea was put forward when separating AI that does the work for a student from AI that works with a student (Handa et al., 2025).
In that case, the essay brings up another question — is this phenomenon simply an instance of cognitive offloading or is it something different? An argument can be made for continuity since the same fundamental mechanism — externalising the effort, reducing practice, and allowing atrophy to take place — appears to be involved, as research on habitual GPS use shows this pattern is recurrent (Dahmani & Bohbot, 2020). On the other hand, the case for discontinuity is considerably stronger given the analysis above and rests on the following three points. The first of these relates to scale and completeness: generative AI carries out a higher-level cognitive function and is different from rule-based automation in that it completes the cognitive task fully, rather than operating within fixed limits that periodically return control to the user (Sternberg, 2026). The second point is about homogenisation: a calculator offloads a bounded operation without touching the diversity of approaches available to other calculator users; an LLM’s homogenising effect has no comparable individual-level analogue, which is what makes it something beyond offloading (Doshi & Hauser, 2024). Finally, the third and perhaps the most important point, particularly when considering the situation of learners, is that of developmental asymmetry — if a task is delegated to something that an individual is capable of carrying out, this results in a reversible trade-off in which the capacity remains intact. In contrast, the learner never acquires this capacity because, since he or she cannot check the work of the AI, will not be able to see what they are missing (León-Domínguez, 2024).
These three distinctions—between task performance and underlying skill, between delegation and substitution, and between passive and active interaction—show that although cognitive delegation to an AI involves a mechanism similar to offloading, the outcome is different: the AI improves the immediate output of the task but has no effect on underlying competence, either leaving it unchanged or more often reducing it.
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