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Does AI Equalize Learners or Widen the Gap? A Mechanism-Based Analysis of AI-Assisted Learning

Abstract: Generative artificial intelligence is often presented as an educational equalizer because it can provide low-cost explanations, feedback and personalized assistance. Yet equal access to a system does not guarantee equal learning outcomes. This paper develops a mechanism-based account of how differences in epistemic agency, system design and institutional capacity may translate equal access into unequal outcomes. Educational experiments show that carefully structured AI tutoring can improve short-term content mastery, while unrestricted assistance may improve immediate performance without producing independent competence. The central scaffolding paradox is that learners need epistemic agency to use AI support well, even though such support is expected to develop that agency. Diagnostic uncertainty and unequal institutional control further constrain this process. The paper argues that AI should be treated as a constrained educational resource whose use must preserve independent judgement and institutional capacity.
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Introduction
Generative artificial intelligence has entered education with a powerful promise. A student who cannot afford private tutoring can now request an explanation, example or revision at any time. A learner who is reluctant to ask a question publicly can seek help in private, while a student who needs more time can ask for the same concept to be explained repeatedly. In this sense, generative AI appears capable of distributing forms of individualized support that have traditionally been scarce and expensive.
Recent experiments justify part of this optimism. In an undergraduate physics course, Kestin et al. (2025) found that students using a carefully designed AI tutor achieved substantially greater short-term learning gains on an immediate post-test in less time than students completing an in-class active-learning lesson. A contrasting experiment in high-school mathematics found that unrestricted GPT-4 access improved practice performance but could reduce later performance after the system was removed; a safeguarded version that supplied structured hints rather than direct solutions greatly reduced this harm (Bastani et al. 2025). Together, these studies show that the design of assistance can change both short-term learning and later independent performance.
The usual response is that AI should be treated as a scaffold rather than a substitute: students should receive hints, feedback and temporary support while continuing to perform the essential cognitive work themselves. The principle is useful, but it contains one circular problem and two further constraints. The circular problem is that students need judgement to use AI as a scaffold even though the scaffold is expected to cultivate that judgement. The technical constraint is that current systems can respond to observable performance without validated access to learners' cognitive states. The institutional constraint is that schools may remain responsible for educational outcomes while lacking control over the models, data and commercial updates on which they depend.
This paper asks how equal access to generative AI may be converted into unequal outcomes through learner agency, technical design and institutional capacity. It argues that AI can reduce inequalities in access to explanation but cannot independently equalize durable learning or epistemic agency. The central scaffolding paradox concerns the circular dependence on prior judgement; diagnostic uncertainty and unequal governance capacity further limit equitable scaffolding. Generative AI should therefore be treated not as an autonomous tutor but as a constrained educational resource.
1. Literature Review
Existing research on generative AI in education can be divided into three related strands. The first examines learning outcomes and instructional design. Kestin et al. (2025) show that a carefully structured AI tutor can improve short-term content mastery, whereas Bastani et al. (2025) find that unrestricted assistance may improve practice performance without supporting later independent competence. OECD (2026) similarly distinguishes educationally designed systems from general-purpose tools that may replace rather than support cognitive effort.
The second strand concerns learner capacities. Research on human agency and self-regulated learning emphasizes intentionality, monitoring and reflection (Bandura 2001; Zimmerman 2002), while work on cognitive offloading explains how external tools can reduce mental demands without necessarily producing learning (Risko & Gilbert 2016). Kalyuga et al. (2003) further show that the value of guidance varies with prior knowledge. Nieminen & Ketonen (2024) extend this discussion through epistemic agency, understood as learners' capacity to evaluate, produce, use and transform knowledge responsibly.
The third strand examines equity, risk and institutional governance. UNESCO and OECD identify access, bias, teacher preparation and infrastructure as major equity concerns (Miao, Shiohira & Lao 2024; Varsik & Vosberg 2024). The National Institute of Standards and Technology (2024), hereafter NIST, catalogues risks such as confabulation, homogenization and over-reliance, while the OECD (2025) and the Competition and Markets Authority (2024) address public-sector capability, vendor dependence and market concentration. These strands are often considered separately. This paper connects them by examining how learner agency, technical design and institutional capacity jointly shape whether equal access to AI produces equal learning.
2. Scope and Method
This paper offers a conceptual, mechanism-based analysis rather than a systematic review. It purposively draws on four kinds of sources: controlled studies of AI-assisted learning; theories of cognitive offloading, self-regulation and epistemic agency; official AI competency and risk frameworks; and public-sector reports on procurement, market concentration and vendor dependence. Experiments establish effects under specific conditions, theoretical literature clarifies possible mechanisms, and official reports identify technical and institutional risks. The analysis does not estimate the magnitude of existing group differences; it examines how equal access may yield unequal outcomes. The safeguards proposed later are normative implications of that account.
3. The Equalizing Promise of Generative AI
The strongest case for generative AI begins with access. Traditional one-to-one tutoring is constrained by cost, time and the availability of qualified teachers. A conversational system can respond to many students simultaneously, adjust the length or complexity of an explanation and provide support outside normal classroom hours. UNESCO’s student competency framework accordingly treats learners not merely as users of AI but as potential responsible users and co-creators who should develop a human-centred understanding of the technology (Miao, Shiohira & Lao 2024). Properly designed systems could make individualized academic support available to learners who previously had little access to it.
Kestin et al. (2025) demonstrate that this promise is not purely speculative. Their AI tutor guided students through a predetermined sequence, managed cognitive load, encouraged active participation and used detailed course solutions to reduce hallucinations. Students could move at different speeds and obtain feedback on demand. The results demonstrate short-term gains in content mastery rather than merely improvements in the surface quality of students' outputs. Because the study used an immediate post-test, it cannot establish durable retention or long-term transfer.
Yet the same experiment also establishes an important boundary. The successful tutor was not a general-purpose chatbot placed in front of students without preparation. The researchers engineered prompts, supplied accurate instructional content and created a platform that controlled the order in which students encountered the material. They even found that system prompts alone could not reliably provide sufficient structure for multi-part problems (Kestin et al. 2025). The experiment proves that AI tutoring can work under carefully designed conditions; it does not prove that those conditions will automatically appear wherever students have access to a chatbot.
This distinction is central to educational equality. A technology may be widely accessible while the knowledge, infrastructure and human support needed to use it well remain scarce. Varsik & Vosberg (2024) identify access, inherent bias and teacher training as major equity concerns in educational AI. The OECD (2026) likewise distinguishes general-purpose systems from educational AI grounded in learning science and calls for curriculum-aligned tools, professional learning and equitable infrastructure. AI may therefore reduce the cost of receiving an answer without equally distributing the conditions through which an answer becomes knowledge.
4. Better Performance without Better Learning
Evaluating AI requires a clear distinction between assisted performance and learning. Performance is success on a task under particular conditions, including the use of external support. Learning is a durable change in knowledge or skill that can be retained and transferred to unfamiliar situations. If a student produces a correct solution only while AI is present, the tool has improved the immediate result, but it has not necessarily strengthened the student’s independent competence.
Bastani et al. (2025) provide the clearest evidence of this separation. Students with unrestricted GPT-4 performed better during assisted mathematics practice, yet their advantage disappeared and, in one condition, reversed when AI was removed. Students using the safeguarded tutor also improved during practice, but the system was designed to provide teacher-created hints and reduce direct answer-giving. The contrast suggests that the educational consequence of AI depends less on whether it reduces difficulty than on which difficulty it removes. Assistance that makes a productive step possible can support learning; assistance that performs the step may eliminate the practice through which ability develops.
Risko & Gilbert (2016) describe cognitive offloading as the use of external actions or tools to reduce mental demands. Offloading is not inherently undesirable. Notes, dictionaries and calculators can release attention for more complex tasks. The relevant question is whether the outsourced process is merely instrumental or is itself the target of learning. Asking AI to generate alternative examples may enrich conceptual understanding. Asking it to construct the argument, select the evidence and decide the conclusion may outsource precisely the judgement that an academic task is intended to cultivate.
The danger is intensified by fluency. A coherent explanation is easy to recognize and may create the impression of understanding, but recognition is not reconstruction. Students may follow AI-generated reasoning while it is visible yet be unable to reproduce or adapt it independently. The OECD (2026) consequently warns that general-purpose generative AI can raise task performance without producing learning gains when it replaces cognitive effort. Equal access to polished outputs is not equal access to competence.
5. The Scaffolding Paradox and Its Constraints
5.1 The Circularity of Epistemic Agency
The concept of learner agency is often expressed through goal-setting, self-monitoring and reflection. Bandura (2001) describes agency through intentionality, forethought, self-regulation and self-reflectiveness, while Zimmerman (2002) explains how self-regulated learners plan, monitor and evaluate their learning. These capacities help explain why two students can use the same system differently: one identifies a difficulty and requests targeted feedback, while another treats the assignment itself as a difficulty to be removed.
For generative AI, however, self-regulation is not sufficient. Following Nieminen & Ketonen (2024), this paper understands epistemic agency as the capacity to evaluate, produce, use and transform knowledge as a responsible knower. It uses epistemic uptake as a working term for the moment at which a learner decides whether and how an AI-generated claim should enter his or her own reasoning. Such uptake involves examining evidence, identifying assumptions, considering implications and accepting responsibility for the use of the claim. A learner may manage time and complete tasks successfully while gradually surrendering these deeper acts of judgement.
This produces the scaffolding paradox. To benefit from AI as a scaffold, students need enough epistemic agency to question its answers, request clarification, compare sources and recognize when support should be withdrawn. Yet these are among the capacities that education is supposed to develop. The learners who most need guidance may be least able to judge whether the guidance is reliable. Stronger learners can use AI to test hypotheses or generate counterarguments; weaker learners may accept the first fluent answer because they lack an independent standard against which to evaluate it.
The expertise reversal effect complicates but does not remove the paradox. Detailed guidance can benefit novices even when it becomes redundant for experienced learners (Kalyuga et al. 2003). Yet correct performance after guidance does not show that epistemic responsibility has returned to the learner. A student may acquire a procedure while continuing to defer the choice of questions, evidence and final judgement. Fading support is therefore also a question of whether responsibility for knowing has become the learner's own.
5.2 Technical Constraint: Non-Neutrality and Diagnostic Uncertainty
The scaffolding metaphor can mislead in two directions. First, it can treat AI as a passive structure whose effect depends entirely on the user. Generative systems select, organize and phrase information; their responses can influence which distinctions appear important, what alternatives are presented and how uncertainty is expressed. Second, the metaphor can imply that the system reliably recognizes a learner's state. Current systems can generate questions, hints and staged explanations, but these behaviours do not provide validated and reliable access to learners' cognitive states. A model may respond to visible answers and interaction patterns, yet it cannot reliably determine whether a learner has understood, imitated, guessed or submitted text produced elsewhere.
The limits are visible even in successful designs. Kestin et al. (2025) report that prompts alone could not reliably structure multi-part problems, so the researchers supplied predetermined sequences and detailed course solutions. This supports external instructional design, not the assumption that the model independently exercises pedagogical judgement. NIST (2024) likewise warns against anthropomorphization and identifies confabulation, information-integrity risks, harmful bias, homogenization and over-reliance as characteristic risks of human-AI interaction.
These limits are especially important for novices. A knowledgeable learner may treat an AI response as a provisional object of criticism. A learner without an independent standard may not notice that the response is inaccurate, that a contested issue has been reduced to a convenient binary, or that one interpretation has been presented as neutral and complete. AI therefore affects more than the amount of information available. It can mediate the frameworks through which questions are understood. The inequality at stake is epistemic as well as informational: learners differ in their capacity to resist the authority produced by fluent language.
5.3 Institutional Constraint: Unequal Governance Capacity
Effective AI-supported learning may require curated materials, curriculum alignment, teacher training, monitoring and systems that offer hints instead of full answers. Kestin et al. (2025) achieved strong results through this kind of engineering, which requires expertise, time and resources. Well-funded institutions may purchase and evaluate reliable services, while under-resourced institutions may rely on general-purpose systems used outside institutional control. Institutional differences therefore become learning inequalities when they shape the quality, supervision and risks of the AI support students receive.
The problem extends beyond teachers or devices. Foundation-model markets are concentrated around firms with privileged access to compute, data, expertise and deployment channels. The Competition and Markets Authority (2024: 2, 6, 12-13) warns that a few incumbent firms operate across the value chain and may shape access to critical inputs and downstream markets. Public educational systems therefore do not control many technical conditions on which their AI services depend.
This creates an asymmetry between responsibility and power. Schools may be expected to protect data, detect bias and guarantee quality while lacking access to training data, model architecture or update decisions. The OECD (2025) notes low AI maturity in many public procurement bodies and risks of lock-in through proprietary technology, data and formats. The resulting second-order divide separates institutions able to audit, negotiate or refuse a provider from those that must accept terms set elsewhere.
6. Normative Safeguards under Unequal Conditions
Building on the risks identified above, this section proposes safeguards intended to preserve human and institutional capacities when AI is absent, wrong or unavailable. They are normative principles rather than a complete governance model.
6.1 Distinguishing Competence from Agency
Independent competence and epistemic agency must be assessed separately. Short no-AI tasks can indicate whether learners retain and transfer a particular skill after assistance is withdrawn, but they cannot establish whether learners remain responsible agents in the formation of knowledge. A student may solve a familiar problem independently while continuing to defer the framing of unfamiliar questions or the evaluation of contested evidence to an external authority.
Evidence of epistemic agency should include practices that reveal epistemic uptake: formulating questions, comparing AI output with independent sources, identifying presuppositions and explaining why a claim was accepted, revised or rejected. This does not require reconstructing a model's internal mechanisms; opacity does not erase the distinction between warranted and unwarranted belief. Portfolios, oral defences and decisions across open-ended tasks may reveal these patterns better than a single test, although agency must still be examined across contexts and over time.
6.2 Rule-Governed Support under Diagnostic Uncertainty
Generative AI can still perform limited scaffolding functions without being treated as a human-like tutor. A system may withhold a complete answer, request an independent attempt or require a prediction before offering another hint. Assistance may also be reduced according to predetermined rules based on observable task performance. These mechanisms can preserve productive effort, but they should not be described as evidence that the system understands the learner's cognitive state.
Rule-governed support should therefore have explicit boundaries. Claims of educational effectiveness require pre-deployment testing, documentation of limits and human review where diagnosis has significant consequences (NIST 2024). In foundational skills, periods of AI-free practice may remain necessary because independent performance is the objective itself. Where a learner repeatedly fails or where a task involves ethical conflict, interpretation or high-stakes judgement, escalation to a human teacher is more defensible than increasingly confident automated personalization.
6.3 Governance under Infrastructure Dependence
Most educational institutions cannot independently develop frontier models. Building on the OECD's diagnosis of vendor lock-in, this paper proposes partial reversibility: preserving enough control to question, constrain or replace a system without disabling core educational functions. Data portability and switching rights do not guarantee functional equivalence because institution-specific value may be distributed across proprietary model behaviour, retrieval systems, prompts, evaluation records and workflow integration. Institutions should therefore protect portable data, documented configurations, interoperability, independent testing, notice of major model changes and viable non-AI alternatives, while recognizing that lock-in may remain (OECD 2025).
Joint procurement may reduce costs and establish common standards, but it can also create large-scale dependence when one platform becomes embedded across curricula and assessment. The OECD (2025) identifies vendor lock-in as a procurement risk, while the Competition and Markets Authority (2024) warns that control over critical inputs and routes to market can reinforce incumbent power. Institutions should therefore avoid attaching indispensable teaching functions to one proprietary model, preserve modular components where feasible and retain non-AI alternatives for core learning and evaluation.
Shared responsibility should not be confused with equal power. Schools retain authority over curricula and assessment but have limited control over model architecture, training data and commercial updates. Procurement standards and independent auditing cannot remove this imbalance, but they can expose dependencies and preserve bargaining capacity. The realistic aim is not costless exit, but enough institutional control to prevent one provider from becoming indispensable.
Conclusion
Equal access to generative AI may produce unequal outcomes through three connected mechanisms. AI scaffolding depends on epistemic agency that is itself unevenly developed; current systems face diagnostic uncertainty; and institutions differ in their capacity to govern the infrastructure through which assistance is delivered. Structured tutoring can improve short-term content mastery, while unrestricted assistance can raise supported performance without independent competence.
AI can perform limited scaffolding functions, but it cannot guarantee that cognitive control returns to the learner. Schools likewise cannot guarantee trustworthy use when they depend on models and updates they cannot fully inspect. Their epistemic authority persists through curricula, assessment and standards of evidence, yet it is increasingly technologically dependent, commercially conditional and politically contested.
The most defensible conclusion is that equal access to AI cannot be assumed to produce equal learning. It may conceal inequalities in who can judge knowledge, obtain reliable support and govern the infrastructures through which learning is mediated. Longitudinal and subgroup research should compare retention, transfer and epistemic agency across learners with different prior knowledge, socioeconomic backgrounds and institutional resources, while testing whether rule-governed support and governance safeguards reduce dependence in practice. Educational policy should treat AI as a constrained and contestable resource, not an autonomous tutor or unavoidable infrastructure.
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