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The Oversight Fallacy

Executive summary
In 2026, autonomous AI agents have begun to move from speculative promise into 

daily deployment. Unlike chatbots, which primarily respond to user queries, AI 

agents are designed to take a user’s high-level goal, translate it into a plan, and act 

across digital environments. These agents can navigate websites, run code, analyze 

files, edit documents, call tools, and coordinate multi-step tasks. For AI companies 

and startups, agents represent the next phase of AI development. 

The relative autonomy of AI agents challenges the traditional means of human 

oversight. Oversight is the work of supervising agents so their failures can be 

recognized and addressed. When a user gives an agent goals, they also give it room 

to decide how those goals should be pursued. An agent makes and carries out those 

decisions through tools and connected systems. We call the space between what the 

agent is asked to do and what it does the goal-plan-execution gap. When the user’s 

goal and the agent’s execution drift apart, failures can become consequential, from 

altered data to deleted files or misallocated resources. Because agents move fast and 

can act across many systems at once, a small mistake can quickly create ripples. 

This primer draws on fieldwork in a computational biology laboratory to examine 

what human oversight of AI agents requires in practice. We examine three oversight 

practices: post-hoc auditing, real-time monitoring, and steering. Post-hoc auditing 

reconstructs what happened after an agent has acted. Real-time monitoring helps 

users notice consequential failures while work is underway. Steering allows users 

to shape the agent’s task, constraints, permissions, and working conditions before 

execution begins. Each practice is necessary, but each carries its own limits.   

Our research shows that effective oversight has four components: adequate 

knowledge of system capabilities and limitations, sufficient observation of system 

actions, meaningful control of system behavior, and timely intervention in system 

failures. Intervention becomes meaningful only when users have enough knowledge, 

visibility, and control to act before small divergences become consequential failures. 

Current approaches often treat users as the safety mechanism in agentic systems 

without giving them the authority or resources to supervise agents effectively. Users, 

therefore, risk becoming “liability sponges” or “moral crumple zones”: people left 
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to absorb responsibility for failures shaped elsewhere.1 This primer explains how 

and why knowing, observing, and controlling modern agentic systems is currently 

exceptionally challenging for users across the three oversight practices.

To address the challenges of organizing effective oversight requires us to move 

beyond treating it as an individual user burden and framing it as a distributed 

responsibility shared by builders and deployers. Builders shape the technical 

conditions that make agentic work inspectable and steerable. Deployers shape the 

organizational conditions that determine whether users have the time, authority, 

resources, and accountability structures needed to act on what they find.

Recommendations for builders
	▸ Enable interactive sensemaking of agentic work. 

Make it easier for users to connect final outputs to the agentic 
work that produced them.

	▸ Build intuitive mechanisms and actionable guidance for steering 
agents.  
Give users practical controls and guidance to configure and 
constrain agents before execution begins.

	▸ Take a selective and context-aware approach to transparency.  
Provide useful cues relative to the domain in which the agent is 
used, the task it performs, and the user working with it.

Recommendations for deployers
	▸ Implement audit rights and incident accountability.  

Require access to incident-relevant records, independent review, 
and clear procedures for reporting failures.

	▸ Organize responsibility with authority and resources. Assign 
oversight only with the time, training, authority, and domain 
expertise needed to make intervention meaningful.

	▸ Build multi-level oversight into workflows. Ensure that oversight 
follows agentic work as it moves from individual use into 
institutional infrastructure.
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Introduction
In 2025, OpenAI announced that ChatGPT would begin offering “agent mode,” claiming 

that it could handle “complex tasks from start to finish.”2 The marketing copy of this 

announcement emphasized the two major capabilities that distinguish AI agents from 

other systems: agents can generate multi-step plans from simple, plain-language goals, and 

agents are connected to other software systems so they can actually act on those plans. In 

public applications like ChatGPT, this largely means interacting with the web: navigating 

websites through a browser, using connected tools and services, and logging into accounts 

when users authorize access. In more specialized applications, like the computational 

biology lab where we’ve been observing the use of coding agents,3 these systems can be 

connected to a range of software, databases, and other computers.4  

Clearly, enabling an AI system to make changes in the world by using passwords, altering 

data, or even transferring real funds requires oversight to avoid significant harm. OpenAI 

even addresses this in their announcement, acknowledging that agents introduce “new 

risks.” But they define appropriate protections by casting the user as the responsible actor:

 
Most importantly, you’re always in control. ChatGPT requests 
permission before taking actions of consequence, and you can 
easily interrupt, take over the browser, or stop tasks at any point.5“
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Here, we get a tidy encapsulation of the promise of human oversight. OpenAI suggests, 

as many believe, that oversight is accomplished by putting a human in the loop. Users are 

imagined to be always in control, there to prevent harm before it happens. But oversight 

of AI agents is neither easy, nor natural. For users to be able to oversee agents, builders 

must deliberately design actionable mechanisms that make it possible to do so. The 

challenge of creating these mechanisms, and the work of using them appropriately, is 

what this primer examines.

Human oversight will always be necessary for AI agents, because failure is a normal 

and ordinary part of agentic systems. This is because of the challenges in translating 

goals into plans and then putting those plans into action. We call this the goal-plan-
execution gap.6 Each transformation — from goal to plan, and plan to execution — creates 

its own conditions for failures.7 Agents can misinterpret user intent, make incorrect 

assumptions, lose context, mishandle edge cases, or fail when using tools and services.8 

Even when agents appear to succeed, success can be partial; agents may lose the trail 

of key information and decisions, miss relationships between sub-tasks, or cut corners 

to ensure task success.9 The more seamless the system, the harder it is to notice failures. 

Better agents will make these failures less frequent, but not fully eliminate them. In fact, 

highly reliable agents that work correctly most of the time can be harder to oversee than 

unreliable agents because the former makes it easier to get complacent and harder to 

notice when things can and do go wrong.  

For example, software company Sakana AI introduced “The AI Scientist” in 2024 to 

automate scientific research. The company claimed that the AI Scientist could do every 

step of a scientific workflow: generate ideas, run experiments, analyze data, and write 

up results.10 However, while testing the system, the team ran into several failures. One 

involved timeout limits: users could limit the total time the AI Scientist could take to run 

a particular experiment; if the process took too long, the system should stop and report. 

Yet during testing, when “experiments exceeded [the] imposed time limits, [the system 

wrongly] attempted to edit the code to extend the time limit arbitrarily instead of [taking 

the right approach of] trying to shorten the runtime.”11 The system arrived at a final 

result by bypassing, rather than complying with, the experimenter’s constraint. 

We propose a four-part framework for specifying the conditions that make effective AI 

agent oversight possible. Effective human oversight requires: adequate knowledge 
of system capabilities and limitations, sufficient observation of system actions, 

The more seamless the system, the harder it is to notice failures.
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meaningful control over system behavior, and timely intervention during system 
failures.12 Agent builders and policymakers treat the user as a safety mechanism in 

agentic systems, expecting users to intervene in the outputs and working of agents to 

identify, fix, and prevent mistakes and failures. Users are given pause buttons, approval 

checkpoints, undo options, warnings, or reminders to review outputs. But treating 

intervention as the main site of oversight weakens the conditions that make intervention 

meaningful in the first place. To intervene effectively, users must first be able to know, 

observe, and control agents effectively.13 A pause button does not help unless the user can 

tell what the agent has done and when it must be paused. 

This creates a tension at the heart of agent design. Agents are often marketed and built 

around seamlessness: less friction and more autonomous completion of work. Oversight, 

however, requires a different design priority. It requires deliberate points of friction where 

users can inspect, contest, redirect, or halt agentic action before small divergences become 

consequential failures. The design problem is deciding exactly when and where friction 

belongs in agentic systems, and how to implement it strategically to keep delegation 

accountable without overwhelming users.     

This primer explains how and why knowing, observing, and controlling modern agentic 

systems is currently exceptionally challenging for users across three key oversight 

practices: post-hoc auditing, real-time monitoring, and steering. Although users are often 

positioned as the last line of defense against agentic failure, we argue that dominant 

approaches to the design and regulation of oversight frequently leave them without the 

practical capacity to supervise agents effectively. Addressing this problem requires moving 

away from the singular human-in-the-loop solution. Oversight cannot rest on the user 

alone; it has to be organized as a shared responsibility between builders and deployers. 

Ultimately, human oversight of AI is a problem of communication between humans as 

much as it is a problem of control over AI systems.

A pause button does not help unless the user can tell what the 
agent has done and when it must be paused. 
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Human oversight of 
agentic systems
Human oversight is one of the main ways institutions try to make automated system 

failures manageable.14 Much technology rests on delegation: humans hand off 

selected actions to tools and systems. We delegate safety to seatbelts and airbags, 

we delegate environmental monitoring to sensors, we delegate route-finding to 

navigation apps. Agents extend this familiar arrangement because they are designed 

to receive goals and decide how those goals should be pursued. Users are not 
only delegating action, or the performance of a task. They are delegating 
discretion, or the judgment involved in deciding what procedure should be 
followed to complete it. 

Agent builders enable this form of delegation by combining a large language model 

(LLM) with an action layer. In agentic systems, users provide high-level goals. The 

model interprets those goals and translates them into step-by-step plans. The action 

layer then executes those plans by using tools, memory, and external services.15 

Agents can work across multiple environments, from codebases, files, and operating 

systems to data repositories, cloud workspaces, and scientific tools. This architecture 

makes agents useful, but it also makes oversight necessary. The model gives agents 

their flexibility; the action layer gives them reach across connected systems. Oversight 

has to address both parts of this arrangement. To verify that an agent is working 

properly requires not only checking that the action layer worked without error, but 

also that the LLM component directed the appropriate actions.  
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Oversight of agentic systems is therefore more demanding than oversight of many earlier 

automated systems. Users are supervising under uncertainty about system capabilities, 

working, and failure points.16 They must assess outputs, but also the agent’s actions, 

assumptions, intermediate steps, and workflow. These can change quickly during 

execution as the agent encounters errors, fills gaps, or revises its plan. In multi-agent 

systems, where several specialized agents coordinate on complex tasks, oversight becomes 

harder still.17 Failures can arise from individual mistakes, but also from breakdowns 

in communication between agents, such as when one agent fails to request needed 

information or passes incomplete information to another.18 Effective oversight therefore 

requires preserving the operational integrity of the whole agentic workflow.

Oversight must meet a series of contradictory expectations in the process of deploying 

agents. Agents are valued because they can work with some autonomy. If users have to 

review every action, agents lose much of their practical value. But if users are given too 

little visibility or control, oversight becomes nominal19 — a pause button, approval prompt, 

or progress report that offers the appearance of supervision without the conditions needed 

to act on it. Effective oversight therefore requires more than formal opportunities for 

Figure 1. How an agent turns a goal into action. 

A user goal is interpreted by the model and decomposed into a plan. The plan is executed in 

an environment with access to tools and data. The system produces an output and a trace of 

its actions. Oversight practices — post-hoc auditing, real-time monitoring, and steering — 

are enacted in moments of review/intervention across this iterative process.
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intervention. Users need timely information about what an agent is doing, enough clarity 

to avoid being overwhelmed by complex traces, and a meaningful capacity to redirect 

the system while is a trajectory can still be changed. Agent builders often manage these 

expectations by letting users configure autonomy, for example by requiring permission 

before tool use, file deletion, or other consequential actions.20 Autonomy levels define the 

limits of delegated action and discretion; they also deteermine what users can and must 

supervise21 Agents deployers also shape these limits through permissions, logging, policy, 

procurement, workflow expectations. The stakes of these limits extend beyond system 

performance because oversight determines where responsibility ultimately resides when 

agentes are used in consequential settings. As agents take on larger portions of a workflow, 

there is a risk that humans remain formally accountable for outcomes while losing 

meaningful visibility into how decision were made. When this happens, users become 

“moral crumple zones,”22 better positioned to absorb blame than to prevent harm.

Scientific settings as sites for studying  
human oversight
Scientific settings are especially useful for studying human oversight of AI agents because 

they make the relationship between delegated discretion and human judgment more 

readily observable. Formal accounts of science often smooth the messy work of research 

into a linear sequence.23 A published paper might say that researchers “cleaned the data” 

or “removed outliers,” but those phrases can hide consequential judgments about which 

measurements counted as errors, how much variation the final result could tolerate, and 

when a result became stable enough to support a claim. Polished accounts can make 

scientific workflows appear more settled than they are.24 In practice, scientists repeatedly 

judge which observations count, which methods are appropriate, which parameters need 

adjustment, which results should be excluded, and when a line of analysis has to be 

revised. These judgments are part of the practical work through which scientific claims 

become credible.25 Scientists secure trust in results through ongoing assessment and 

justification, making claims accountable to their peer communities.26 When scientists 

delegate methodological decisions to agents, they delegate more than execution. They 

delegate parts of the evidentiary judgment that make scientific work valid. 

The use of agents in scientific settings raises a crucial question: what happens to scientific 

work when results become detached from method? By method, we mean the agreed-upon, 

often validated way a task should be done so that its results can be trusted, reproduced, 

or contested. Scientists rely on their methods to make their claims scientific — showing 

how they achieved a particular result. The result can be connected to a procedure and 

a community’s standard for what counts as evidence. The working of an agent takes 

a different form. They pursue goals by generating and revising their approach while 
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completing a task. The model interprets user input, produces a plan, and adapts that plan 

as it encounters tools, data, constraints, and errors. This working may produce a correct or 

useful output, but it is not automatically a method. It may contain assumptions, shortcuts, 

substitutions, or improvised steps that are invisible in the final result. 

What happens to scientific work when results become detached 
from method?

This distinction between method and working has two major consequences. First, for 

agents to be used in science, scientists must actively analyze the steps agents take in 

order for results to be scientifically valid.27 This is an issue of epistemic integrity: the 

trustworthiness of the path through which new knowledge is made. Science exposes 

the limits of oversight centered on final outputs alone because the scientific meaning 

of an output depends on what can be inspected while work is underway, what can be 

reconstructed after the fact, and whether the basis of a result can be challenged as 

methodologically unjustified. Scientific agents therefore require forms of oversight 

that make their working accountable to method. Second, the problem extends beyond 

science. The working of an agent is not automatically organized around the standards and 

justifications that make action accountable in a particular setting. This is why effective 

oversight requires more than checking outputs. Agents need to be designed and deployed 

within a structure that exposes their inner workings. The next section describes those 

structures through four components of effective agent oversight.   
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Benchmarking agents against scientific practice

One of our fieldwork sites is a computational biology lab where biologists and 
computer scientists evaluate how AI agents perform ordinary laboratory tasks. The 
team benchmarks agent performance by building repeatable tasks and evaluation 
criteria that allow them to compare how different agent systems, including Claude 
Code and Codex, perform across runs, versions, prompts, and task complexity. Their 
ultimate research question is: when given a well-scoped research task that 
resembles ordinary lab work, can an agent complete that task in a way that 
scientists would recognize as methodologically acceptable? 

The team translates pieces of scientific practice into tasks an agent can attempt, 
including running an analysis, computing a summary statistic, generating a plot, 
updating a results file, and documenting a workflow. These tasks are designed to be 
rerun across agent systems and conditions to track performance changes over time, 
and across models and different task setups. The team does not observe agents 
continuously as they work. Instead, they create benchmark tasks, run agents under 
prespecified conditions, and then examine outputs, traces, logs, and failures to 
understand what happened. The vignettes that follow come from our fieldwork with 
this team. They show how oversight becomes difficult when an agent appears to 
complete a scientific task, but closer review reveals that the result was produced 
through a shortcut, misaligned data, a flawed reference, or a prompt design choice 
that changes what is being tested. 

The four components of effective agent oversight
A human-in-the-loop approach remains one of the most common ways policymakers and 

industry leaders describe oversight of AI systems.28 If a human supervises the system, the 

theory goes, they can prevent any harm from a malfunctioning system. But human-in-

the-loop is a shallow picture of oversight. It can make supervision appear to be a matter 

of placement, as if inserting a person into a workflow is enough to make the system 

accountable.29 In practice, human oversight only works when users have the conditions 

needed to make oversight possible.30 While there are different perspectives on what counts 

as “effective” human oversight,31 we describe these conditions through four components: 

knowledge, observation, control, and intervention.32 

- 
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KNOWLEDGE concerns what users must adequately understand about system outputs, 

capabilities, working, limits, controls, failure modes, and (un)intended use cases. Users need 

a realistic mental model33 of agentic systems to, for instance, anticipate mistakes, determine 

necessary reviews, and identify critical workflow aspects requiring attention. 

OBSERVATION requires users to sufficiently see and interpret system parts. For agentic 

systems, users must scrutinize not only final outputs but also intermediate steps, 

assumptions, retrieved information, tool use, and the evolving workflow through which 

outputs are produced. 

CONTROL requires users to meaningfully direct system working. This includes limiting an 

agent’s tool use and data access, requiring user confirmation for specific agent actions, and 

forbidding unacceptable or undesirable courses of action.    

INTERVENTION requires users to step in and identify and fix issues during and after agent 

execution in a timely manner. Intervention involves pausing, redirecting, revising, rolling 

back, or shutting down agents before errors compound. 

Intervention depends heavily on knowledge, observation, and control. Users must know 
enough about an agent, observe enough of its working, and have enough control over its 

permissions and trajectory before they can intervene effectively.34 Currently, however, among 

the agent systems we have observed, builders do not prioritize these components equally. 

The most common approach is to emphasize oversight in the form of intervention and 

at times control, while downplaying knowledge and observation. This imbalance is partly 

practical and partly institutional. It is often easier to add a confirmation prompt than to 

design a usable account of what an agent has done. It is also easier to let users configure 

autonomy than to explain how autonomy changes the kinds of failures they may need to 

notice. Building useful knowledge and observation into agentic systems requires iterative, 

human-centered design, yet current market incentives often reward seamless completion 

over inspectable work. 

Human oversight of agentic systems

The Oversight Fallacy
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There are three major agent oversight practices: post-hoc auditing, real-time monitoring, and 

steering. Post-hoc auditing takes place after an agent has finished a set of tasks, reviewing 

outputs and records of activity to reconstruct whether the work was done appropriately. 

Real-time monitoring involves assessing an agent’s behavior as it runs, often with mandatory 

points where a human must approve before an agent continues its work. Steering refers to 

the level of control and specification that users have to configure in an agent before it runs.

The vast majority of research on human oversight of AI and many of the agentic systems 

we’ve examined have a bias toward post-hoc auditing. Checking the accuracy of a system’s 

output, for example, has long been one of the simplest forms of oversight. But for agents, 

this can also be the shallowest form, as it can miss the procedure by which an output was 

produced or reveal failures only after they have already occurred. Effective monitoring and 

steering move oversight closer to moments when agentic work is being shaped or carried 

out, but they also create harder design problems. Builders have to decide the right amount, 

variety, and presentation of data for meaningful interpretation of agentic action by users, 

along with the most useful controls for acting on them. 

Below, we walk through specific examples of each of these three oversight practices to 

show how agent builders have tried, and sometimes failed, to knit together knowledge, 

observation, intervention, and control. Post-hoc auditing, real-time monitoring, and steering 

each support different parts of oversight. Across all three, the central question is whether 

users can know enough about the system, observe the relevant action, exercise control, and 

intervene before failure becomes consequential. 

The Oversight Fallacy
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Post-hoc auditing 
Post-hoc auditing is the process of retrospective observation and intervention, 
reviewing and correcting the output and working of an agent after execution.35 
Examples of this work include verifying output accuracy, “sensemaking”36 of agent actions, 

and re-running agents to fix mistakes. Across research, policy, and industry, post-hoc 

auditing is the most frequently discussed oversight practice.37 Yet this form of intervention 

remains challenging to execute because it essentially depends on observation and knowledge 
support that are often lacking. The details of agent actions, interactions, communications, 

tool use, and workflows are dense and lengthy, making comprehension and review difficult. 

Even with everything logged, the practical issue remains: can users easily and meaningfully 

interpret the information provided without turning post-hoc auditing into its own 

cumbersome project? 

Consider, for example, a recent study on Magentic-One, a multi-agent system consisting 

of five specialized agents that collaborate to complete tasks. Each agent has a specialized 

role: an orchestrator agent plans and manages communication between agents; a coder agent 

writes code; an executor agent executes code; a file surfer agent reads and writes files; and, a 

web surfer agent accesses the internet using a browser. Researchers asked Magentic-One to 

perform the following general task:

“Of the cities within the United States where U.S. presidents were 
born, which two are the farthest apart from the westernmost to the 
easternmost going east, giving the city names only? Give them to 
me in alphabetical order, in a comma-separated list.”38

The five agents exchanged 90 messages between them to complete this simple task. If 

users wanted to know what agents did or audit the steps they took to reach the answer, 

users would have had to review the raw communication log containing 7230 words, 

roughly the length of a research paper! It is not difficult to imagine how post-hoc auditing 

will be even more complicated in more complex agentic systems, such as those used in 

finance, healthcare, and software development. Users often cannot answer, even with 

available information, key questions such as why a tool was chosen, why a constraint was 

relaxed, why one agent’s response was treated as authoritative in a multi-agent setup, or 

Can users easily and meaningfully interpret the information 
provided without turning post-hoc auditing into its own 

cumbersome project?

“

- 
15 
-

The Oversight Fallacy CONTENTS



why the system changed strategy mid-execution. Those records are also scattered across 

different components of agentic systems such as plans, traces of action, tool calls, memory, 

and context. For users, the challenge is that the information needed to reconstruct what 

happened during an agent run is too much, too fragmented, and too difficult to interpret, 

preventing them from observing the information and gaining the knowledge needed to 

effectively review the agentic system. 

Three key oversight practices


The Oversight Fallacy CONTENTS



Three key oversight practices


When one fly stands in for 
the group
At the computational biology lab we observed, one benchmark task asked agents to work 
with video-based fruit fly behavior data. The underlying experiment exposed flies to a 
small LED light and recorded their movement while the light turned on and off. The 
agent’s assigned goal was to analyze the resulting data: compare fly movement during 
LED-ON frames with fly movement during LED-OFF frames. 

The expected plan was simple. The video is divided into frames. For each frame, tracking 
software estimates each fly’s forward speed. Afterwards, the agent should average all of 
the flies’ values and output a simple summary. Initially, our scientists believed the agent 
was successful. The agent produced a tidy output file, and the final values fell within the 
benchmark’s tolerance thresholds. If the team had only checked the output, the agent 
would have passed. 

The problem appeared only when the team reviewed how the agent had moved from goal 
to plan to execution. As Ryo,39 the lead researcher on the project, recounted later, the 
agent had skipped the per-fly step. Instead of computing ON and OFF averages for each 
individual fly and then averaging those values across the group, it latched onto “one fly … 
as a proxy for the entire group of flies,” treating a single heavily labeled trajectory as 
representative and effectively duplicating that individual’s data to stand in for everyone.40 
By chance, that one fly’s speeds were close to the true group mean, so the final ON/OFF/
difference fell within tolerance, and it was marked as correct. It was “numerically right 
but methodologically wrong.”41 The assigned goal was appropriate, and the final output 
acceptable, but the agent’s execution skipped the step of preserving variation across 
individual flies that made the task scientifically meaningful. The lab norm is “compute 
per fly, then average,” not “pick a representative and extrapolate.”42 

The proxy fly case shows why post-hoc auditing is necessary to reconstruct the agent’s 
procedure after the run to understand what happened. Oversight, in this case, requires 
asking not only whether the agent generated the expected result, but also whether the 
path from goal to plan to execution satisfies the methodological demands of the 
scientific task.  

CASE STUDY
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Agent builders must design systems that leave usable records after execution to support post-hoc 
auditing. Some agent builders advocate a transparency mechanism they call “chain-of-

thought reasoning” where a model is prompted to produce an after-the-fact explanation 

of the steps it took during a task. This technique is presented as an easy way to review 

agent behavior, but it does not solve the practical problem of auditability. Chain-of-

thought rationales can be lengthy and scale poorly as workflows become more complex.43 

They also provide unstable evidence, often proving to be inaccurate, incomplete, 

deceptive, or simply wrong in hard-to-detect ways.44 Asking an agent to narrate why it 

acted as it did is therefore a poor, if not harmful, substitute for reliable auditability,45 as 

coherent explanations can also fail to improve understanding or support effective review.46 

Agentic systems inherit generative AI’s limits and extend them through prolonged 

execution and “capability unpredictability.”47 Consequently, post-hoc auditing is 

necessary, but must be deliberately designed by builders and not further delegated to the 

agent itself.

Real-time monitoring    
Real-time monitoring involves observing and intervening in what agents do 
during execution. Detecting agentic failures only after an agent’s run narrows or 

eliminates the window for effective intervention.48 Agentic success relies on a series of 

sequentially correct actions and interim outputs while working under messy conditions. 

Small early failures, such as incorrect assumptions about user goals or misinterpreting 

file contents, can quickly compound during execution, becoming expensive or even 

irreversible. Users conduct real-time monitoring to, for instance, ensure agents follow 

plans appropriately and are not stuck in failure loops. Examples of this work include 

observing action traces, reviewing and approving intermediate agent outputs, and 

stopping agents mid-execution.

Stakeholders across research and industry are now recognizing the importance of real-

time agent monitoring,49 with agent builders already making choices about what users 

should see during execution. Agent builders include plan previews, “live plan” panes, and 

context windows50 as standard agent interface features. These features display an agent’s 

immediate actions, plan revisions, and active context, including metaprompts, recent 

dialogues, tool specifications, retrieved documents, and task states. These interfaces 

afford basic observation of agent activity, but seeing raw data alone does not furnish the 

knowledge required to make oversight possible. 

Many designs begin from what the system can make available easily,51 rather than from 

what a user needs to notice in order to intervene effectively. For example, while it is easy 
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for agent builders to display a scrolling log of an agent’s interactions with external tools, 

it does little to help users quickly recognize when an agent decides to retain incorrect or 

hallucinated information from tool outputs. The result is a technology-centered form of 

transparency: showing pieces of an agent’s internal operation without making those pieces 

meaningful or actionable for the person supervising the agent’s work. 

Agent builders should design monitoring for actionable, not exhaustive, transparency.52 

Actionable transparency refers to foregrounding the critical cues that allow users to 

recognize failure while intervention is still possible; it starts from the premise that 

successful intervention is impossible without first transforming raw observation into usable 

knowledge in a timely fashion. The design question is what to show, in how much detail, 

and when, so that a user can recognize a consequential problem quickly enough to act. 

However, transparency alone does not make real-time monitoring feasible.53 If post-hoc 
auditing is hard, real-time monitoring is exceptionally difficult; users must interpret dynamic, fast-
moving, and cognitively taxing information while agents execute their processes.54 Real-time 

monitoring inherits the information overload of post-hoc auditing, then adds a timing 

constraint. Users still have to decide what information matters, where it exists, and how to 

interpret it, but they must do all of this while the agent is still acting. Plans often change 

as agents carry out tasks. Contexts shift constantly as components appear, disappear, 

and multiply while the agent works.55 Keeping up means continuously tracking changes, 

gauging their impact, and intervening quickly before small failures become larger ones.56 

This mismatch between system speed and human attention creates structural barriers for 

real-time monitoring. 

This challenge is not lost on agent builders; many now provide features for selective 

intervention during real-time monitoring. For example, users can exercise control by 

configuring agents to periodically pause and ask for user approval for interim outputs 

such as results of critical sub-tasks before continuing execution. However, it remains 

challenging for users to meaningfully review interim agent steps and outputs during 

execution because there is no easy way for them to reconstruct and understand the 

agent’s underlying process and rationale. To make “real time” meaningful, builders must 

also account for such “cognitive distance” between agents and humans during execution 

by compressing raw information into timely cues that are interpretable, help regain 

situational awareness,57 and are tied to possible intervention.

Agent builders should design monitoring for actionable,  
not exhaustive, transparency.
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Monitoring the scientific 
signal
In one of our conversations in the computational biology lab, Ryo shifted from the question of 
whether an agent can complete a task to the question of what has to stay aligned for the task 
to remain scientifically meaningful. He was not showing us a built-in monitoring system or a 
dashboard that exposed everything the agent was doing. He was showing us a more modest 
and practical way of checking whether the analysis still looked attached to the behavior it 
was supposed to classify. 

The example came from a benchmark task in which the agent’s assigned goal was to classify 
moments of leg movement as either stance, when the leg is planted on the ground, or swing, 
when the leg is moving through the air. On the screen, he pointed to a simple line plot where 
two leg-tip traces were drawn over a couple of seconds, one in blue, one in red. This was the 
first sanity check. A walking fly’s left and right legs alternate. The traces should therefore 
oscillate in opposite phase. If they do not, something upstream is already wrong. In his 
words, the alternation is what “tells you … hopefully you’re plotting the correct thing.”58 
Before the agent commits to downstream labels and outputs, the plot gives Ryo a fast way to 
ask whether the analysis still resembles the movement of a walking fly. 
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Figure 2. Leg-tip traces as a sanity check.  

The opposing phases of the left and right leg-tip traces provide a visual check that 

the analysis remains attached to the movement of a walking fly.  

He then backed up to the data itself. The lab’s videos are processed by a computer vision 
system that tracks keypoints, fixed landmarks on the fly’s body, including the tips of each 
leg. Those keypoints become a table of coordinates over time, recording, for each video 
frame, where each keypoint was in space. From there, the agent has to carry out a chain 
of transformations in the right order. Position is translated into velocity. Velocity becomes 
smoothed velocity. The smoothed signal can then be used to decide whether the leg is 
planted or moving. 

In Ryo’s description, the velocity signal is often jagged, or “spiky,” so it has to be 
smoothed before the system applies a cutoff. Otherwise, the labels can jitter between 
swing and stance because of noise rather than movement. The benchmark can specify 
the threshold as a dotted-line cutoff on the graph: “Below 20, it’s on the ground. Above 
20, it’s moving.”59 The threshold is not the only possible way to separate swing from 
stance. A trained classifier could draw on temporal context, neighboring frames, multiple 
keypoints, or posture. But the threshold has a practical advantage. Ryo can see it. It 
keeps the decision rule attached to a signal he can inspect on the screen.
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Figure 3. Thresholding the velocity signal. 

Smoothing the velocity signal and applying a visible threshold allow the stance/swing 

decision rule to remain tied to a signal the researcher can inspect. 
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This legibility is crucial because the benchmark is testing whether the agent can execute 
the analysis in a way that preserves the scientific object of measurement, here, swing/
stance, through each transformation. Ryo was clear that evaluating agent performance 
should not hard-code thresholding as the only valid method. A classifier could also be 
valid. Whatever method the agent uses, he still needs to know whether it is being applied 
to the right signal, after the right preprocessing, and at the right frames. 

A further complication appears in the shaded regions of the graph. Swing and stance are 
only meaningful when a fly is walking. If the fly is grooming or still, leg motion has a 
different meaning, and the same labels become misleading. So the task pulls in a second 
file: a frame-by-frame indicator of when the fly is walking. On the graph, those walking 
periods appear as shaded intervals. The analysis has to restrict swing/stance 
classification to those regions. The leg-velocity series and the walking indicator have to 
line up on the same timeline. 

Figure 4. Smoothing the velocity signal and aligning stance/swing labels with walking 

periods. 

Walking intervals must align with the velocity signal for stance/swing labels to 

remain scientifically meaningful. A one-frame indexing error can leave the plot 

looking plausible while shifting labels away from the behavior they claim to describe. 

This is where Ryo described the off-by-one frame problem. Sometimes the error is not in 
the movement signal itself. It is in how the system passes data between files or coding 
environments. Python indexes from zero. MATLAB indexes from one. If the agent moves 
between those conventions without accounting for the difference, every label can shift by 
a single frame. The run can look clean. The code can execute without errors. The plot can 
still look plausible. But each label may attach to the wrong moment in the fly’s movement. 
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This is what makes the error so consequential. It is a small displacement inside an 
otherwise reasonable-looking analysis. The red and blue traces may still alternate. The 
velocity curve may still rise and fall. The shaded walking intervals may still appear in 
the right general place. Yet the output has slipped away from the behavior it claims to 
describe. Looking back at that moment, the plot narrowed attention to these cues as 
resources for monitoring the agent’s performance. Real-time monitoring, here, did not 
mean a built-in system of exhaustive observation into every agentic action. It meant 
organizing attention around method-critical cues, the small visual signals that let a 
scientist see whether the agent’s execution was still attached to the phenomenon 
under analysis. 
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Steering
Steering involves configuring and guiding agents before execution, primarily relying 
on control through knowledge.60 While real-time monitoring facilitates mid-execution 

intervention, steering relies on proactive control to mitigate issues preemptively. Users conduct 

steering to, for instance, specify appropriate working boundaries for agents, ensure agents 

correctly identify task components, and provide necessary context to agents. Examples of 

this work include giving custom instructions to agents, iterating on plans with agents, and 

providing additional context or partial solutions to agents. 

Steering encompasses two interlinked forms of control: configuration, to establish constraints, 

and guidance, to provide directions. Configuration helps eliminate specific failures by 

proactively setting the boundaries within which an agent can act. It can include limiting 

directory access or external services, setting budgets for compute time or tool calls, and 

requiring approval before consequential actions. Guidance, by contrast, shapes how agents 

operate within those constraints. It includes working with agents to revise plans before 

execution, sharing important task context and details, and at times doing limited pre-work 

to help agents such as breaking down big tasks into small steps or providing partial solutions. 

Together, configuration and guidance are important forms of “anticipatory” work.61   

Steering mechanisms alone, however, do not guarantee effective oversight. Steering is 

a demanding oversight practice that puts significant responsibility on users. Instead of 

just relying on downstream intervention and responding to failures after they arise, users 

can exercise upstream control to steer agents away from known mistakes or undesirable 

solutions. In science and other knowledge-intensive domains, this requires users to apply 

their knowledge to anticipate potential issues with both the outputs and working of agents: 

did the agent produce the right result and did it follow the right path to achieve it? Doing so, 

however, is easier said than done. Scientists must decide what method-critical constraints to 

specify, how much context to provide in advance, and as in the benchmarking case, when a 

prompt makes a task too easy to count as a meaningful test of agent performance. Minimal 

guidance leaves too much discretion to the agent, making it misinterpret user goals or ignore 

task constraints inadvertently, while maximal guidance imposes an unreasonable cognitive 

burden on users to spell out every important detail, ultimately defeating the very benefits of 

delegating tasks to autonomous agents. 

Collectively, these oversight challenges raise a critical question: How should responsibility for 

oversight be distributed across agent users, builders, and deployers? The answer cannot be 

that users simply oversee more or prompt better. Effective oversight requires designing 
the conditions under which agentic work can be inspected and corrected. In the next 

section, we turn to the implications of treating oversight as a shared responsibility across 

agent design and deployment.
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The minimal/maximal  
prompt dilemma 
One of the first debates we observed inside the computational biology benchmarking team 
involved what at first looked like a simple question: how much of the scientific method should 
scientists specify in the agent’s prompt before it begins to plan and execute? In the team’s own 
terms, this was the problem of minimal versus maximal prompting. A minimal prompt was 
intentionally sparse; it gave the agent the assigned goal, the relevant data, and the desired 
output, with little guidance about how to proceed. A maximal prompt, by contrast, supplied 
more of the surrounding methodological support: intermediate steps, file conventions, helper 
functions for reading and wrangling data, and contextual details to help agents better interpret 
the task.

This debate was never only about how a prompt should be written. In one meeting, Rachel, 
who supervised the benchmarking project, pushed the discussion toward the underlying 
evaluative problem: “What would we call cheating? What does cheating mean to us?”62 Her 
concern was that a maximal prompt could “smuggle a solution,” relocating the scientifically 
meaningful work upstream into benchmark design so that the agent’s eventual “success” 
looked more like assembly than reasoning. In goal-plan-execution terms, the worry was that 
the benchmark designer might already be supplying too much of the plan. A minimal prompt 
did the opposite. It left the agent to supply more of the method for itself, making its 
assumptions more visible and making it easier to see where those assumptions were wrong or 
incomplete. What the team was really debating, then, was the extent to which the method 
should be specified in advance. The prompt became part of what the team was trying to 
evaluate, because it shaped whether success would look like agent competence or like a 
solution that had been built into the benchmark in advance.

This problem became more consequential when the team considered how other scientists 
might use the same agent. A benchmark tuned around one scientist’s highly specified prompt 
might not say much about how the agent would perform in ordinary scientific use. Other 
scientists would not prompt the system in exactly the same way, and they should not have to 
spell out every methodological detail before an agent can be useful. The prompt therefore 
stood in for a broader question about feasibility: Can an agent do scientifically acceptable work 
when users provide enough context to define the task, but not so much that the method has 
already been supplied? 

Treating prompts experimentally also meant separating different kinds of variation. One 
question was whether the agent could succeed across different phrasings of the same task. If a 
benchmark measures “agent competence” only under one carefully tuned phrasing, then 

CASE STUDY

- 
25 
-

The Oversight Fallacy CONTENTS



Three key oversight practices


success may say less about the task than about its fit to a particular prompt. Another 
question was whether the agent could succeed repeatedly under the same prompt and 
setup. One successful run shows that the agent can sometimes find a path through the task. 
Repeated success shows whether that path is reliable enough to support scientific work. 

Cost introduced another pressure. In one small experiment, Ryo expected the minimal 
prompt to force more exploration and therefore produce more output. Instead, as he put it, 
the agent “does a little worse on the minimal prompt,” while the maximal version “took 
more tokens to solve,” which “directly translates to … how expensive it is to run the agent.”63 
Prompt design therefore became a part of evaluating not only agent performance, but also 
the reliability and cost of delegated scientific work.
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Beyond human-in-the-loop: 
Governing failure in  
agentic systems
Failure is a systemic feature of agentic systems. Even as builders make these systems more 

reliable, delegating action and discretion will continue to create room for divergence 

across the goal-plan-execution gap. The core oversight challenge therefore is not to 

eliminate agentic failure completely, but to manage it effectively when it occurs. The 

human-in-the-loop paradigm attempts to secure oversight by inserting a person into the 

system’s operations. For AI agents, this paradigm is incomplete and often misleading. A 

loop can exist formally while failing substantively. A user may be asked to supervise the 

work of agents, approve outputs, or pause runs without having the knowledge, observation, 

or control needed to make that intervention meaningful. Effective oversight therefore has 

to be designed into the system and the workflow. Systems must present actionable cues 

and meaningful points of intervention without requiring users to continuously monitor an 

agent’s working.    

This reframes the role of users in agentic systems. Users are necessary to oversight, but 

they should not be made responsible for supervising systems that were not designed to 

be overseen. The empirical cases in this primer focus on users because they show how 

demanding oversight becomes in practice. Their ability to oversee agents depends not 

only on how agents are built, but also on the work settings in which agentic systems are 

deployed. Users work inside organizations and professional communities that already have 

their own methods, norms, constraints, and standards of accountability for knowledge 

work. Scientific users, for example, work within fields and disciplines that define what 

counts as an acceptable method and a defensible result. If users are not to become moral 

crumple zones64 for agentic failure, builders and deployers must organize the conditions 

under which oversight can actually be performed. 
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One such condition is the ability to anticipate failure.65 Anticipation requires enough 

understanding of the task, the agent’s working, and the relevant standards of practice to 

recognize failure when it begins to take shape. This is especially important because agentic 

failure often appears through partial success. When an agent completes only “80% of the 

task,” the remaining 20% becomes a site of diagnosis. Users have to determine whether 

the unfinished work is ordinary cleanup, whether partial completion is enough for the 

task at hand, or whether the remaining work has revealed a deeper problem in the agent’s 

assumptions and working. Over time, these encounters can help users build more realistic 

mental models of agentic systems, including where failures are likely to appear. The 

recommendations that follow are therefore addressed to builders and deployers, whose 

design and deployment choices shape whether users are equipped to anticipate, recognize, 

and manage agentic failure. 

Recommendations for builders
Agent builders should enable and facilitate practical conditions where humans remain 

meaningful partners in agentic systems. To strengthen oversight as a designed capability: 

	▸ Enable interactive sensemaking of agentic work.  
Although users can access information about the steps an agent takes 
and its reasoning for the choices it makes during execution, they often 
struggle to connect these details to the agent’s final output. Agent 
builders must bridge this gap by making it easy for users to trace 
how and why an agent came up with specific parts of its output. For 
example, build a feature to let users click parts of the output to 
reveal the agent’s steps and reasoning behind them. Such interactive 
features will help users meaningfully navigate the massive amounts of 
raw information currently provided in agentic systems, in turn making 
it easier for them to review the outputs and working of agents.  

	▸ Build intuitive mechanisms and actionable guidance for steering agents.  
Steering helps ensure agents run successfully. To steer agents, users 
must first perform additional work to anticipate failures, and then 
configure and guide agents away from expected failures and towards 
acceptable outcomes. To do so effectively, however, users must 
understand what steering settings and features exist, what they do, 

Users are necessary to oversight, but they should not be made 
responsible for supervising systems that were not designed  

to be overseen.
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how to use them, and when. To support users, agent builders must not 
only provide granular settings and intuitive controls to help users 
steer agents, but also share clear guidance on their intended use and 
the impact they have on the agent’s working. Doing so will reduce the 
cognitive burden of trial-and-error, ensuring users can confidently and 
consistently align the agent’s working with their goals.

	▸ Take a selective and context-aware approach to transparency.  
While it is tempting to expose every part of the internal working 
of agents to users, overwhelming users with massive amounts of raw 
information inhibits effective human oversight. What a user considers 
as a failure — and what they need to spot failures and evaluate agent 
success — depends on the user’s domain of practice, the task they 
are accomplishing with an agent, and user characteristics such as AI 
literacy, domain expertise, and task familiarity.66  For example, an 
expert user doing a high-stakes task likely needs access to granular 
action and tool traces, while a novice user may need automated alerts 
and simplified summaries. Agent builders must take a curated approach 
to transparency, identifying and surfacing information that aligns with 
what is most useful for a user to know at a given moment in order to 
effectively oversee specific agents actions, rationale, or intermediate 
outputs. This shift to selective transparency will lower users’ 
cognitive burden and provide actionable observability of key parts of 
agentic systems.

Recommendations for deployers
Deployers are the organizations that decide where and how agents enter work. Their 

responsibility is to ensure that agentic systems are not simply made available to users, 

but introduced into settings where oversight can actually be performed. If builders must 

design systems that can be examined and constrained, deployers must organize the 

workflows, roles, resources, and accountability structures through which users can act on 

what they find. 

	▸ Implement audit rights and incident accountability.  
Auditability should not depend on vendor goodwill after something 
goes wrong. Deployers should require access to incident-relevant logs, 
independent assessment rights, and clear data retention and disclosure 
obligations as conditions of adoption. Organizations need to define in 
advance what counts as an incident, how failures will be reported, and 
who has authority to demand disclosure or independent review. Incident 
reporting should encompass both breaches and integrity failures, such 
as methodological divergence, reproducibility problems, unauthorized 
tool use, or outputs that weaken the evidentiary basis of a claim.
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	▸ Organize responsibility with authority and resources.  
Mandating oversight must go hand in hand with requiring dedicated time, 
training, and staffing for it. Effective oversight requires more than 
just appointing a responsible person. Organizations need to specify 
who can halt an agentic process, revoke credentials, require reruns, 
inspect traces, escalate concerns, or contest an output before it is 
relied upon. These responsibilities should be recognized as part of 
the work, rather than treated as informal review added to an already 
full workload. In scientific and other high-stakes settings, deployers 
should also identify what forms of domain expertise are needed to judge 
whether an agent’s work remains methodologically acceptable.  

	▸ Build multi-level oversight into workflows.  
Agent oversight cannot sit only with individual users at the interface. 
As agents become connected to shared data, institutional systems, and 
collaborative work, organizations need oversight arrangements that 
match the scale of deployment. Individual users need clear controls 
and contestability. Teams need review practices and escalation 
paths. Organizations need audit procedures, governance processes, and 
records that make agentic work accountable over time. In high-stakes 
sectors, deployers should also be prepared to meet external oversight 
requirements from regulators, funders, journals, or professional 
bodies. The goal is to ensure that oversight travels with agentic work 
as it moves from individual use into institutional infrastructure.    

Together, these recommendations point to oversight as a distributed institutional 

responsibility. Failure becomes governable only when builders design systems that can 

be examined and constrained, and deployers organize the conditions under which users 

can act on what they find. Those conditions are not created at the moment of failure. 

They are shaped earlier, through product choices, procurement decisions, default settings, 

documentation practices, and expectations about where liability will fall.  Responsibility 

moves through these arrangements gradually, as organizations develop norms about 

reasonable use and sufficient review. Those norms determine whether users have real 

authority when something goes wrong, or whether they are left to absorb responsibility 

for decisions shaped elsewhere. Governing agentic systems therefore requires following 

accountability through the institutional arrangements that determine whether delegation 

can actually be overseen.     
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Conclusion: Living  
with delegation
This primer provides a close examination of agentic systems in scientific laboratory 

settings, but these systems are already being deployed in many other environments. The 

questions we raise regarding oversight and epistemic integrity are therefore not confined 

to scientific method. They are crucial questions for any setting in which powerful actors 

delegate increasing amounts of discretion to systems that can translate goals into plans 

and actions. Tech companies typically describe AI agents as tools to augment work and 

accelerate productivity, but recent organizational theories promoted in Silicon Valley claim 

something bolder. In “From Hierarchy to Intelligence,” Jack Dorsey and Roelof Botha 

imagine AI agents as a new coordinating layer for organizations — a system that can 

organize work and reduce the need for human managerial bottlenecks.67 The aspiration of 

flattening corporate hierarchy is not new, but it now leverages AI agents as a way to move 

faster by removing friction from coordination and execution within organizations. 

The risk in this vision lies in how speed reorganizes accountability. As agents take on more 

delegated action and discretion, the relationship between action and judgment becomes 

thinner. Work happens, but the conditions for understanding and correcting that work may 

weaken. Organizations deploying imperfect agentic systems therefore face a choice about 
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what kind of oversight they need and are willing to build. They can build robust reviews, 

records, override rights, and deliberate decision points. They can establish meaningful 

contestation processes following failures. Alternatively, they can adopt superficial fixes, 

maintain existing workflows and simply designate a nearby human as “in charge” of 

overseeing an agentic system, even when the system’s actions are shaped upstream by 

builders, vendors, product defaults, and organizational priorities. This arrangement turns 

frontline workers into moral crumple zones68 and highlights automation’s core asymmetry 

in agentic form: builders design the mechanics of delegated action and discretion 
upstream, but deployers bear the consequences of agent failures downstream. 

Across the cases in this primer, failure appears as an ordinary condition of delegated 

agentic work. It can appear as a passing output produced through the wrong method 

or a plausible plot with labels shifted by one frame. Once failure is understood as 

ordinary, accountability cannot be organized only after a breakdown. It has to take shape 

earlier, in the practical decisions that make delegation possible despite foreseeable limits. 

Practitioners have to decide which errors are tolerable, which records must be preserved, 

where review is required, and whose time will absorb the work of repair. These decisions 

make the terms of delegation visible. Accountability lies in how the foreknowledge 
of failure is organized into the workflow itself. Organizational governance, then, 

must regulate the conditions under which actors proceed once failure is understood as a 

predictable feature of agentic systems.  

In many AI settings, especially within the sciences, practitioners already build this 

foreknowledge into their work.  They check, qualify, override, and repair the work of AI 

agents because delegation is never frictionless in practice. The harder organizational 

question is whether these routines remain informal burdens absorbed by individual users, 

or become explicit conditions of accountable delegation. In agentic workflows, friction 
is the practical machinery of governability under conditions of acceleration.69 
Documentation, approvals, reviews, and deliberations are all forms of friction that 

organizations rediscover when speed outruns judgment. If agentic systems are designed to 

remove friction from coordination and execution, governance must decide which frictions 

are necessary to preserve judgment and oversight.    
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