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Abstract

Human oversight, as one of several ethical principles required for the safe use of Al systems, plays a prominent
role in the European Union’s Artificial Intelligence Act (AIA). This position paper argues that, while human
oversight remains a necessary safeguard to mitigate the risks posed by Al systems aimed at directly interacting
with humans across diverse domains, its current conceptualization rests on problematic assumptions about human
judgment, epistemic access, and institutional responsibilities. Drawing on empirical findings from psychology and
human-AT interaction research, we show that human oversight, as presently envisaged, runs risk to remaining an
illusion of control if the conditions for meaningful oversight are not made explicit. To address these limitations,
we propose a conceptual reorientation of human oversight away from reactive approval and toward structurally
embedded control, by suggesting incentive-based ethical stress testing, the establishment of normative clarity,
and the systematic accounting for the limits of human oversight. We conclude that only by grounding oversight
in realistic assumptions about human cognition and institutional incentives can it fulfill its intended role in
ensuring trustworthy Al
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1. Introduction

Human oversight is commonly presented as a primary mechanism through which humans retain control
over increasingly capable artificial intelligence (AI) systems: humans define objectives for Al systems,
choose and deploy technical solutions to reach these objectives, and monitor their operation. Human
oversight is the first of the seven key requirements for trustworthy AI promoted by the European
Commission [7]. In this context, human oversight is understood as an active involvement of at least
one human operator who monitors automated decision-making systems, evaluates their outputs, and
retains the ability to intervene where necessary [28]. The EU Artificial Intelligence Act (AIA) further
operationalizes this principle, requiring that “proper oversight mechanisms” be ensured through human-
in-the-loop, human-on-the-loop, or human-in-command approaches, with the explicit aim of preventing
or minimizing risks to health, safety, and fundamental rights (AIA article 14 and recital 27). To this end,
the AIA requires that a responsible human person remains in control and maintains authority over the
Al system (AIA recital 48).

While this regulatory framework articulates a normatively appealing vision of human control, it
rests on strong assumptions regarding human cognitive capacities, the epistemic access to complex Al
systems and effective control over them. As the AIA regulations are approaching implementation, the
question arises as to their meaningful realization in the actual human-AlI interaction. In particular, the
validity and effectiveness of the envisaged human oversight need to be empirically proved.

These concerns become particularly relevant in the context of Large Language Models (LLMs) and
other forms of general purpose AI (GPAI) designed for direct interaction with end users, without a stable
intermediary and across diverse application areas. The question arises as to whether human oversight,
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as currently envisaged in the AIA, may be already insufficient given the current state of technology.
While cognitive risks for humans emerge gradually, ethical, psychological, and societal consequences
and effects are not foreseeable. Consequently, they cannot be controlled via human oversight here and
now.

Against this background, this position paper identifies three structural weaknesses in the prevailing
approaches to human oversight and argues for a conceptual reorientation of this ethical principle, by
outlining several constructive directions of risk mitigation.

2. Thesis Statement

We submit that current approaches in Al governance fall short in meeting several fundamental objectives
of human oversight of Al systems. These arise due to: (i) the systemic fallibility of human judgment,
(ii) practical limitations of how human oversight is implemented and currently envisioned, and (iii)
conceptual ambiguities of meaningful oversight. Essentially, human oversight achieves only one key
objective of assigning responsibility to persons rather technical systems.

Against this background of limitations, the paper argues for redesigning and reducing oversight on
the basis of empirically grounded limits of human judgment. We propose to move human oversight
away from being an ultimate judge to being an ultimate bearer of responsibility, while effective control
and actual decision-making should be embedded in a broader, multi-layered operational framework.

3. Human Oversight as an Illusion of Control

In the following, three illustrative aspects are presented that demonstrate why human oversight, as it is
currently envisaged, risks functioning as an illusion of control over Al systems. Using these examples,
we show how assumptions about human judgment, organizational responsibility, and epistemic access
undermine the effectiveness of oversight in practice and may fail precisely where it is intended to
safeguard.

3.1. Human Oversight as Anthropocentric Overconfidence

The widespread reliance on human oversight as a cornerstone safeguard against Al risks reflects a
form of anthropocentric thinking: the assumption that any control over human action should belong to
human actors. This smells of overconfidence: merely inserting humans into complex decision-making
loops may not be sufficient to mitigate systemic, epistemic, and ethical failures. This is because human
judgment is systematically biased, context-dependent, and readily shaped by Al influences and cues
[30, 22, 10]. Human cognition is not a separate cognitive system: it increasingly forms a subsystem of a
human-Al interacting whole.

Prevailing definitions of human oversight implicitly rely on a self-image of humans as critical and
discerning evaluators, yet they insufficiently account for well-documented cognitive and structural
biases that render oversight error-prone. This includes the tendency to rely on information that aligns
with one’s own values and believes [26, 23], but also phenomena reflecting a reduced level of critical
engagement in the presence of highly reliable systems and paying insufficient attention to contradictory
evidence, known as automation bias [24, 27], or the control problem [33].

Empirical evidence suggests that this self-image does not survive actual confrontation with Al outputs.
People have prior beliefs and assumptions about who performs a task better [20], often over-relying on
humans, even though the AI would outperform human performance in a task [2, 16]. However, when
interacting with Al systems, people frequently perceive them as equally credible [21, 32]. Moreover,
users are typically unable to correctly decide when to diverge from algorithmic recommendations
[12, 7]. Crucially, these limitations are not confined to inexperienced users but are also observed among
domain experts [5]. Thus, precisely in situations when human oversight is supposed to function, it
might be severely limited.



3.2. Human Oversight as Ethical Silver Bullet

Currently, there is no shared operational definition of what constitutes meaningful human oversight
besides the consensus that it should not be rubber stamping [11]. At the same time, it remains unclear
where exactly oversight is legally required, nor does the current version of the EU AIA provide specific
guidelines or standards for its implementation. For example, start-ups and Al developers typically
possess substantial technical expertise, yet they lack meaningful responsibility for the long-term societal
consequences of the use of Al systems. Under these circumstances, oversight appears to be promoted
as a procedural and regulatory compensation for unresolved legal tensions around responsibility.

At an organizational level, human supervisors might be used as foci of liability in the absence of
commonly accepted regulatory mechanisms governing Al accountability [31]. On this view, oversight
is necessary, not because it is effective but because it reassigns responsibility to persons rather than
technical systems. This lack of effectiveness is also linked to the question of when exactly human
oversight is considered to be fulfilled and how this can be assessed [18, 6]. As a result, current regulatory
approaches risk removing responsibility from the production chain of Al outputs and placing it on the
supervisor rather than the provider, the operator, or the user. At the end of the chain, the actual users
are the ones bearing the consequences of oversight, but a claim of inadequate oversight may absolve
them of their own responsibility. This seems to be a quick shortcut for the users who lack the necessary
epistemic conditions and institutional support to distribute responsibility in a better grounded way.

At the same time, human oversight that lacks the effective ability to contest Al-influenced user
decisions functions as a protector of the status quo. This may put users at risk even in the presence of
oversight. Recent examples of the dissemination of potentially illegal content [4] and suicidal behavior
following human-Al interactions [13, 29] demonstrate how simply warning against misuse or excluding
it in the terms and conditions is not enough.

3.3. Human Oversight is Symbolic and Epistemically Weak

At the moment, human oversight often functions primarily as a means of satisfying regulatory require-
ments rather than as a mechanism that substantively improves the quality of human decisions based
on Al outputs. Expert access to the technology is not guaranteed for the supervisors, oftentimes due
to proprietary architectures, closed-source models, or insufficient transparency about the Al system’s
behavior. A meaningful question to ask from both the regulatory and the technical perspectives is
whether human supervisors are capable of reasonably contradicting Al outputs despite cognitive influ-
ences on their own thinking, and whether they can demonstrably improve the quality of human-AI
interaction. With Al systems growing increasingly complex and opaque, supervisors need ever more
expertise and control [28, 14].

Recently, Sam Altman argued that restrictions on ChatGPT’s functionality in order to protect users
with mental health-related issues would make it less usable and enjoyable for many other users to
interact with the chatbot’, yet stating they had mitigated serious mental health related issues. At the
same time, especially in the context of GPAL it is oftentimes called for Al literacy to enable users to use
these tools responsibly. However, GPAI are not merely open-ended tools, whose safe use can be ensured
through user education, adequate instructions, and the mitigation of the most obvious failure modes.
They are products deployed at scale into broad societal contexts which is why providers are obliged
to prevent or mitigate abusive use ex ante. Within the current regulatory landscape, this obligation
remains insufficiently specified, particularly for Al systems that fall outside the high-risk classification
of the EU AIA. This creates ambiguity regarding the boundaries of permissible functionality, weakening
both accountability and governance.

1https://x.com/sa\ma/status/1978129344598827128; Accessed on January 16, 2026.
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4. Reclaiming Meaningful Human Control

We argue that current efforts to achieve successful human oversight, especially in GPAI systems,
are insufficient to fulfill their ethical and societal responsibility. Importantly, however, it should be
emphasized that the weaknesses identified can be mitigated at least partially.

In the following, we outline three recommendations to address these limitations and to equip human
oversight with the technical and conceptual instruments required to function as a meaningful mechanism
of control and impact on Al systems.

4.1. Incentive-Based Ethical Stress-Testing

The current incident with Grok illustrates some of the structural weaknesses of current oversight
approaches and, above all, the obstacles in the prevention of Al abuse [25]. Here, exemplarily, the
legal constraints prohibit developers and red teams from systematically testing Al systems for harmful
behavior with regard to child abuse material, classifying this already as a criminal offense. As a result,
measures to counteract abusive use cannot be tested at an early stage.

More generally, red teaming is a mechanism to target not only technical model vulnerabilities but also
predictable failures of human oversight, which go beyond hacking attacks and jailbreak attempts [9, 8].
By engaging multidisciplinary red teams consisting of domain experts, developers, psychologists, and
ethicists, for instance, various perspectives can be merged considering immediate risks and potential
long-term consequences of failed oversight.

However, effective red teaming cannot be achieved by solely imposing formal obligations, as such
requirements do not guarantee the quality and independence of testing. Instead, testing the riskiest and
ethically questionable applications should be externalized and embedded in an incentive-compatible
framework. One approach could be to encourage independent researchers, civil society organizations,
and users to conduct and report targeted tests of Al systems in order to formally report them. Regulators
could support this by establishing protected report channels, standardized disclosure formats, and
the legal requirements for good-faith testing. Furthermore, financial rewards or tax benefits could be
introduced to incentivize the developers as well. Such an approach would align safety objectives with
market incentives and embed them legally, both the most important levers in Al regulation.

4.2. Establishing Normative Clarity

Referring back to previous examples, clarity regarding unauthorized use is lacking, which concerns over-
sight as well. In the absence of sufficiently specific regulations, competitors currently orient themselves
towards major market players for guidance when it comes to evaluating their own compliance decisions,
potentially creating a race to the bottom dynamic. Therefore, the agreement on minimum standards
across competitors is essential. This does not work without regulatory clarity on the boundaries of Al
systems that must be legally and technically excluded in advance. Here, properly designed oversight
can function as an anchor mechanism, protecting these non-negotiable boundaries, and preventing
competitive pressure from eroding safety standards.

To address this gap, explicit normative boundaries should be established, which cannot be overridden
by human oversight. Such could take the form of hard normative stops, preventing certain model
behaviors regardless of contextual judgments about utility or benefit. In addition, providers of GPAI
systems could be required to publish mandatory normative use declarations which explicitly define
acceptable, restricted, and prohibited uses. Consequently, normative clarity would reduce reliance on
case-by-case human oversight that is not suitable for monitoring major societal impacts.

4.3. Accounting for the Limits of Human Judgment

Without explicit recognition of the contexts in which human oversight is likely to fail, oversight itself
can become a vulnerability and an entry point for security-compromising actions [3]. Thus, this
paper argues for a capability-aware oversight approach, which actively de-biases human judgment and



supervision by identifying its inherent weaknesses and limitations. To this end, Al providers should
adopt proportionate and evidence-based debiasing interventions aligned with the most recent and
state-of-the-art research on automation bias [19] or on the risk of over-reliance induced by certain
forms of explanations [15, 17], for instance. However, current regulations aiming for transparency
and explainability are rather optimized for compliance, not for human cognition. This requires a
combination of several diverse measures, each of which addresses different weaknesses and limitations
of oversight.

Accounting for human cognitive biases requires, first, the systematic identification of conditions
under which such biases are most likely to arise, such as repetition fatigue or prolonged exposure to
highly reliable systems. On this basis, the circumstances under which human supervisors are expected
to contradict system outputs should be made explicit and operational. Mechanisms commonly invoked
to support oversight, including transparency and explainability, must themselves be cognitively aligned,
acknowledging that in certain contexts they can increase susceptibility to error or over-reliance rather
than mitigate it [1].

Once the limits of human oversight have been established, defining non-oversight zones is possible so
that oversight can be targeted only where humans can add epistemic value, ideally in a collective rather
than individual manner. Finally, effective oversight necessitates dedicated meta-oversight structures that
regularly evaluate these rules and thus can trigger redesign where oversight effectiveness demonstrably
degrades.

Taken together, this would entail a broader shift in perspective: oversight is most effective when
its limits are clearly outlined and when it is supported by non-human safeguards rather than used to
compensate for their absence, thus being one of several components in a multi-layered structure.

5. Conclusion

This position paper does not seek to abolish human oversight as an ethical principle and necessary
governance instrument. On the contrary, it argues for its preservation through a substantial reconfigu-
ration of its currently envisaged form. Rather than treating human oversight as a reactive safeguard
against emerging technical risks, the conditions for successful oversight must be clarified in advance.
We argue that misinterpreting human oversight as a remedy for currently unsolved problems risks
both ethical complacency and practical failure. A more promising approach lies in designing oversight
regimes that are grounded in what we know about human judgment and cognition and that combine this
with a regulatory framework that creates the prerequisites for implementing and evaluating successful
monitoring. Underpinned with appropriate measures and a clearly defined scope can human oversight
meaningfully contribute to the ethical, safe, and responsible deployment of advanced Al systems.
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