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Abstract
Turning to generative artificial intelligence to complete academic tasks is viewed by many as harmless cognitive offloading, a benign psychological practice. However, in this paper, I will examine the inaccuracies of this assumption. Cognitive offloading is a beneficial practice only when the delegator keeps three separate forms of control: executive control on how to implement a procedure, verification control on whether the output makes sense, and metacognitive control on what one knows and does not know. Generative systems generally deprive users of these control systems, meaning the practice in question should be more accurately considered as cognitive outsourcing. The most common reasons behind cognitive offloading are effort minimization and social loafing. That is, effort is an aversive experience, and essays or homework assignments are often anonymous products whose contributions cannot be distinguished from each other. In the paper, it is assumed that this comes from the experience of prediction error. The resulting lack of ability is doubly hidden: to the student, since his or her monitoring ability is being limited, and to the school, since it assumes that learning occurs because of the student’s good performance.
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Introduction
The constant evolution of large language models into more sophisticated tools, useful for everything from basic repetitive tasks to complex problems, has transformed generative artificial intelligence into the medium through which younger generations conduct much of their thinking. In a 2025 survey of 8,563 Chinese school students, 61.7% had used generative AI, with 71% of those using it for homework. 20.5% said they would rather rely on the model than think for themselves (China Youth and Children Research Center, 2026). As these systems spread through the world and into classrooms, they fundamentally change how academic work is produced and how it is learned. Simultaneously, these fast adoptions have led to higher grades but less retention of knowledge for the students (Stromberg et al., 2026). 
These factors lead to the question, “Is a student who is asking a model to make an argument for them doing the same thing that a student with a calculator does?” This paper discusses the differences between the two, based primarily on what the delegator maintains and what they do not. For the purpose of this paper, cognitive offloading will be defined as the use of external action to lower the demands a task makes on cognition (Risko & Gilbert, 2016). The paper will attempt to identify why students engage in delegation, elucidate the nature of delegating cognitive labor, and then consider what is gained and lost through said delegation. Finally, it will assess why those losses are often overlooked by both students and schools.
Drive to Delegate: Effort Minimization and Social Loafing
Two factors contribute to the overdetermination of delegation. The individual factor is that cognitive effort is aversive. Given two options, individuals will invariably opt for the one less taxing on control (Kool et al., 2010). Efficient short cuts will normally be utilized.
The social factor is that assignments are submitted as a finished product. Effort is reduced when the individual effort cannot be traced in a joint outcome (Latané et al., 1979), and even more so when a capable partner makes additional effort superfluous (Karau & Williams, 1993). The completed assignment is a joint product with the model, but the instructor sees only the result, and not the source or the process. Thus, many students would consider delegation both an efficient option and one that is unobserved.
Anatomy of Safe Offloading
In regard to offloading, externalization is seen as a form of rational metacognitive allocation of effort and not as deficit (Risko & Gilbert, 2016). The extended mind theory accounts for this, as a reliable and automatically trusted information store becomes a part of the cognitive system (Clark & Chalmers, 1998). Both of these statements are true in certain conditions.
Consider the information retained by a person who uses a calculator. First, executive control: the student sets the calculation to be performed and the criteria the result must meet, having determined why he or she should calculate it in the first place. Second, verification control: the student can tell whether the result is too big or small, for example that the multiplication of two two-digit numbers cannot yield a million. Third, metacognitive control: the student never mistakes the calculator's arithmetic for their own, because the division of labor is apparent.
In this situation, delegation is free of cost. When there is no scope for learning through the process of doing something repetitive, all three criteria become a formality. 
Short-Term Benefits
Working memory that is dedicated to format cannot be devoted to constructing schema (Sweller, 1988), and novices benefit more from worked examples than from problem-solving on their own (Sweller & Cooper, 1985). In the absence of a tutor, or when facing a language barrier, the AI model turns an impossibility into possibility by providing the necessary means to unlock insights otherwise out of reach.
However, with this concession comes qualifications. These students could be poorly equipped to realize when they have made fluent yet misconceived output, as realization depends on the prior knowledge they lack. Additionally, tools that help the novice can be detrimental to the learner that has the right schema, as unnecessary help makes for less generative processing, which is essential for further learning (Kalyuga et al., 2003).
Losing Active Processing
Generative models carry out higher-order processing such as argument structuring, composition of prose, and source analysis. The model is an active processor rather than a repository or storage. The failure of executive control is that the procedure is not chosen by the student. The model chooses the approach, and the student simply receives the output. The failure of verification control is that, unlike the product of two integers, the output has no magnitude to check for accuracy. Evaluating the quality of a synthesis requires the exact level of competence of the model. Metacognitive control fails because the output is easily understood, and fluency is one of the most powerful signals from which learners assess their own mastery (Alter & Oppenheimer, 2009).
What is removed is the act of generation itself, and deliberate generation results in durable encoding (Slamecka & Graf, 1978; Bjork & Bjork, 2011). Effective scaffolding shifts control to the learner as one gains competence (Wood et al., 1976), but scaffolding that does not withdraw never passes control to the learner.
Hidden Deficit: Confidence Without Competence
This comforting conclusion is grounded on empirical findings regarding the reasons for offloading. Gilbert (2015) showed that reminder use was associated with confidence in one’s own memory, regardless of actual ability. Boldt and Gilbert (2019) showed that the same held true for spontaneously developed strategies. If confidence accounts for offloading irrespective of competence, offloading can be considered adaptive only when confidence is related to competence, which is not an immutable feature, but one that develops throughout childhood and adolescence (Flavell, 1979; Schneider, 2008).
From this point, the theory depends on a stipulation: calibration results from learning that predictions were wrong. Prediction error is instructive whenever it happens because high confidence errors are better calibrated than low confidence errors (Metcalfe, 2017).
Provided that this condition applies, the predictions by the student who has first checked their understanding against a model will be unfalsifiable. Additionally, the gap will go unobserved both by the student, in that an inflated sense of confidence causes learners to study less frequently as deficiency goes unnoticed (Dunlosky & Rawson, 2012), and by the system, as the system is the one creating the gap. It also goes unobserved by the institution, which assumes learning based on performance. Damage to a system that escapes detection by systems intended to monitor it has no feedback mechanism for correction. Withdrawn effort produces fewer predictions, fewer predictions case less error, and less error stalls the calibration that would have revealed the withdrawal.
Restoring Cognitive Control 
With the identification of the three controls, we now give solutions based on the identified blocks.
Restoration of executive control. The student should be compelled to submit a task decomposition, method, steps, and order of steps before exposure to the model, so that the model will do only what is contained in the task decomposition.
Restoration of metacognitive control. The student should take the test before getting help, as failure to retrieve before the initial attempt makes it more likely for the retrieval to take place later (Richland et al., 2009). The gap would be established using the results from an unaided retest after the model use, rather than through confidence judgments. 
Fading of the scaffold. This can be done in stages by reducing the level of aid provided throughout the lesson: from unrestricted, to only hints, to none.
Also, schools can change their own criterion: insist that at least one graded performance be unassisted, e.g. oral defense of work submitted or in-class writing on a similar topic.
Conclusion
This paper began by explaining why students delegate by effort minimization and social loafing to show how delegating academic labor to generative AI, as a form of cognitive outsourcing, may lead students to lose the generative act and with it, executive, verification and metacognitive control despite a boost in efficiency. Ultimately, the capacity that would have registered knowledge’s absence is lost and students are hindered from internal self-development.
Furthermore, metacognitive calibration was used to clarify the reason for the unapparent nature of this damage. Offloading occurs on the basis of confidence irrespective of ability, and is thus beneficial only when confidence equals ability, a correlation that is not yet developed in adolescents, as well as one that a pupil who seeks a model first never tests, as there is no chance for a prediction to be proven wrong. As a result, the damage goes unnoticed by both the learner, due to their smooth production leading to increased confidence, and by the school, due to their awareness of only outcomes.
However, in the end, we must also acknowledge that this is still a coarse account of a relationship that varies considerably between students with several limiting factors, including subject domain, school year, and prior attainment.
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