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Abstract

There is growing imprecision about what “AI agents” are, what
they can do, and how effectively they can be used by their intended
users. We pose two key research questions: (i) How does the tech
industry conceive and market “AI agents”? (ii) What challenges
do end-users face when attempting to use commercial AI agents
for their advertised uses? We first performed a systematic review
of marketed use cases for 102 commercial AI agents, finding that
they fall into three umbrella categories: orchestration, creation, and
insight. We then evaluated whether end-users could realize these
marketed capabilities in practice: we conducted a usability assess-
ment where 𝑁 = 31 participants attempted representative tasks
for each of these categories on two popular commercial AI agent
tools: Operator and Manus. We found that users were generally
impressed with these agents but faced significant usability chal-
lenges ranging from agent capabilities that were misaligned with
user mental models to agents lacking the meta-cognitive abilities
necessary for effective collaboration.
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1 Introduction

The AI and HCI communities have long been animated by visions
of computing systems as intelligent partners for knowledge work:
from Vannevar Bush’s 1945 dream of the “Memex” to Horvitz’s
explorations of agent-mediated “mixed-initiative” interfaces [27] to
Shneiderman and Maes’ canonical debate on direct manipulation
versus interface agents [40, 61]. Today, the dream has resurfaced
under the banner of large language model (LLM) powered “AI
agents”. But are these agents, at long last, useful and usable?
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Answering that question is complicated because what an “AI
agent” is, what it can do, and how those definitions shape user
expectations is imprecise and rapidly evolving. Unlike chatbots that
use LLMs to generate natural language responses to user prompts,
prior work suggests that operationally agentic AI agents should
have at least some of the following properties: (i) delegation and
initiative allocation—deciding who between the human user and
the AI decides what, when [27]; (ii) acting in an environment rather
than only producing text—invoking tools, APIs, or GUIs on the
user’s behalf [37, 40, 61]; (iii) multi-step execution with a reason-
act loop (e.g., interleaved reasoning and tool use [57, 71]); and (iv)
oversight, intervention, and recovery—the need for users to super-
vise and correct ongoing agent activity [45, 59]. But, as with other
technologies at the peak of their hype cycle, there are also many
marketed-as-agentic products that self-label as “AI agents” that may
not fully instantiate any of these properties. Because general end-
users may not understand the difference, in this paper we consider
both scopes as relevant.

To date, much of the conversation about agent performance —
in benchmarks, demo videos, venture funding pitches, and media
hype — has focused on easy-to-quantify ideals that overestimate
true effectiveness [77]. To better design and evaluate “AI agents”
that are useful and usable for end-users, we need a systematic
understanding of how the tech industry conceives of “AI agents”,
how those framings shape user expectations, and where end-users’
lived experience diverges from marketed aspirations. Against this
backdrop, we ask:

RQ1: How does the tech industry conceive of and market “AI
agents”? Industry framings matter because they define the
menu of software choices that most users can access and set
the expectations with which users approach these tools.

RQ2: What challenges do end-users face when using commercial
AI agents for their advertised uses? We seek to understand
the frictions that emerge when the aspirational capabilities
these products imply collide with the realities of use.

To answer RQ1, we constructed a taxonomy of marketed-as-
agentic products. We started by sourcing advertised uses for AI
agents by exploring aggregator websites for AI Agent products,
including the AI Agents Directory and Product Hunt, and supple-
mented our corpus with web searches to increase the diversity
of products. We then analyzed themes across verbiage relating to
agent functionalities and distilled a taxonomy of three broad adver-
tised use-cases for AI agents: Orchestration, Creation, and
Insight.

To answer RQ2, we ran a think-aloud usability study in which
𝑁 = 31 participants attempted representative tasks in each of the
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three categories using two popularoperationally agenticplatforms�
Operator and Manus. We supplemented these think-aloud studies
with semi-structured interviews. Although participants were gen-
erally successful at accomplishing the assigned tasks (which were
speci�cally selected to be simple and doable), participants struggled
with �ve critical usability barriers: (i) agent capabilities are mis-
aligned with user mental models, (ii) agents presume trust without
establishing credibility, (iii) agents fail to accommodate a diver-
sity of collaboration styles, (iv) agents generate an overwhelming
amount of communication overhead, and (v) agents lack the meta-
cognitive abilities that enable productive collaboration.

In summary, this paper makes three core contributions. (1) We
introduce a taxonomy of marketed AI agent capabilities, distilling
how the tech industry conceives of and frames AI agents. (2) We
present an empirical account of �ve critical usability barriers end-
users face when attempting to use these tools on a representative set
of tasks. Relative to prior human-AI interaction work, we contribute
(a) the expectations-to-breakdowns chain for agentic systems, (b) a
mapping of usability barriers to operational agentic properties, and
(c) evaluation dimensions for delegation, oversight, and recovery in
agentic systems. (3) We distill design and evaluation implications
for agentic systems that are usable and e�ective for end-users.

2 Related Work
Our work is situated at the intersection of three areas of inquiry
in the HCI and AI literature: the design and evolution of interface
agents, evaluations of AI agents and LLMs, and empirical studies
of human-AI interaction.

Design and Evolution of Interface Agents. Direct manipu-
lation has long been the dominant interaction paradigm for GUI
interfaces [60]. However,interface agentsthat act as intermediaries
and invoke commands on users' behalf [40] have been touted as
a complementary, and at times oppositional, paradigm. This ten-
sion � crystallized in the classic debate over direct manipulation
versus interface agents [40, 61] and the broader tradition of mixed-
initiative interfaces [27] � has motivated decades of work exploring
agent behaviors, interaction styles, and control mechanisms [37,38].
Researchers have also used Wizard-of-Oz methods to prototype
agent experiences beyond the limits of contemporary AI [42], while
commercial assistants from Microsoft Clippy to voice assistants
have made the promise (and pitfalls) of agent-mediated interaction
visible to end-users [9, 10, 19, 68].

Recent transformer-based LLMs (e.g., [15]) have renewed excite-
ment for interface agents by enabling GUI agents that plan and
execute multi-step actions in real software environments [28, 74].
Yet, many critical usability questions remain: e.g., what autonomy
should agents take, how should tasks be delegated, and how should
oversight mechanisms be designed to keep users in control [40, 59]?
We contribute an empirical examination of commercially deployed
LLM-powered AI agents with real users, identifying the usability
barriers that persist in today's renewed instantiation of interface
agents and that limit e�ective delegation, oversight, and collabora-
tion.

Evaluations of LLMs and AI Agents. A broad ecosystem of
benchmarks and evaluation frameworks now exists for evaluating
AI agents: e.g., capability benchmarks [18, 30, 52, 53], evaluation

environments for computer-based knowledge work [21, 50, 69], per-
sonalized evaluation [16], new evaluation frameworks [31, 70, 78],
and agent cards [8, 62]. However, these evaluations share a com-
mon limitation: they narrowly focus on technical competence and
elide dimensions that require human-interaction such as usability,
interpretability, trust, and user satisfaction. Salaudeen et al. [55]
observe that many AI evaluation frameworks su�er from notable
validity gaps, and Wallach et al. [64] argue that measurement tasks
in generative AI lack the scienti�c rigor needed for valid conclu-
sions, proposing as redress a framework rooted in social science
measurement practices. In short, evaluating only whether an agent
is capable ofcompleting a task is insu�cient � we must also eval-
uate whether users can e�ectively direct, oversee, and collaborate
with those agents to complete taskse�ectively. We contribute an
evaluation of commercial AI agents with real people, doing tasks
representative of how those agents are marketed.

Empirical Studies of Human-AI Interaction. There is a rich
tradition of prior empirical work noting usability breakdowns in
human-AI interaction. This work emphasizes that e�ective human-
AI teaming hinges on users' mental models, expectations, and trust
calibration [32, 36, 47, 76]. Furthermore, prior work suggests that
framing and communication shape adoption and reliance on AI
systems [33, 34, 72], and that explanations should follow human
norms (e.g., being selective and conversational) rather than over-
whelming users with undi�erentiated detail [44]. Complementary
work examines collaboration dynamics and breakdowns: how peo-
ple interpret competence signals in mixed-initative teams [75], how
system updates can disrupt user experience by shifting mental
models [11, 22], and how speci�cation burdens and communica-
tion mismatches complicate collaboration with language-based sys-
tems [12, 35, 73]. Emerging studies of agentic LLM systems further
highlight the importance of involving users in planning, avoiding
over-delegation assumptions, and aligning procedures with user
expectations [24, 29, 58, 65].

Building on this literature, we focus on a distinct empirical gap:
how novice end-users experienceoperationally agenticAI agents
that act on users behalf' by autonomously executing multi-step
work�ows in real software environments. In these settings, break-
downs can compound across steps and lead to real-world side e�ects
(e.g., committing irreversible actions, producing �awed deliverables,
or requiring costly recovery), shifting the core interaction problem
from prompting a model to delegating, overseeing, and intervening
in ongoing agent activity.

3 Taxonomy of AI Agents
We started by taxonomizing the litany ofmarketed-as-agenticprod-
ucts and services being advertised for immediate or near-term use
under the �AI agent� banner (RQ1). This taxonomy, in turn, helps
clarify what the technology industry considers an �AI agent� and
serves as amarketing-driven use-case typology: it captures how
products are framed for consumers and what expectations they set.
We focus on industry-marketed products because these o�erings
more clearly de�ne the menu of possibilities for broad consumer
use of AI agents � while there is also much academic interest in the
topic, the use-cases explored in academia may be less immediately
relevant for end-consumers.
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Methodology. We assembled a corpus of# = 102marketed-
as-agenticproducts by drawing on aggregator lists (e.g., AI Agent
Directory [8], Product Hunt [26], Google Cloud use cases [54]) and
keyword searches (�AI agents�, �LLM agents�). We included prod-
ucts that were marketed or described as �AI agents� (or equivalent),
were consumer-facing with concrete marketed use-cases, and tar-
geted general end-users rather than only developers or domain
specialists. We didnot require that products fully instantiate the
operationally agenticproperties discussed prior; our goal for RQ1
is to capture how the �agent� label is applied in industry, so we
coded what capabilities areclaimedin marketing materials. Overlap
and broadness across categories are expected because marketing
typologies are not mutually exclusive. Two authors performed an
inductive qualitative content analysis [56] of marketed capabilities,
built a codebook through independent coding and consensus [43],
and abstracted codes into higher-level categories following estab-
lished taxonomy development practices [46]. �AI agents� is a rapidly
evolving product category; we do not claim an exhaustive census,
but a broad sample su�cient to characterize industry-envisioned
use cases. Full search and exclusion criteria, analysis details, and
the codebook are in Appendix A.1 and A.3.

Findings. We identi�ed three broad categories of marketed use-
cases:Orchestration , Creation , andInsight (Table 1). Cate-
gories are not mutually exclusive and, in fact, complex knowledge
work often combines insight (problem decomposition), orchestra-
tion (executing work�ows), and creation (formatting deliverables).
The taxonomy thus encodes thepromisesand expectations that
marketed-as-agenticproducts set for consumers. We selected one
study task per category to test whether those promises are realiz-
able in practice; the usability barriers we report below are, in that
sense, expectation failures.

Orchestration agents act in GUIs on the user's behalf: they
read interface state (e.g., via vision-language models), generate
commands with an LLM, and execute them via a controller, produc-
ing actions with real-world side e�ects and raising delegation and
oversight demands. Examples include Salesforce Agentforce [6],
LiveX [4], and Expedia's Trip Matching Agent [2].

Creation agents produce structured artifacts (slide decks, web-
sites, apps, documents) with an emphasis on formatting and presen-
tation rather than analytical content; they di�er fromInsight
in focusing on deliverable form. Examples include Lovable [5]
(apps/websites) and Gamma [3] (slide decks).

Insight agents support research, synthesis, and recommen-
dations by combining web search, APIs, and knowledge bases in
multi-turn interactions. They address analysis and decision-making
that users would otherwise perform manually. Examples that clearly
instantiate the operational properties above include Perplexity
Deep Research [7] and Deloitte Care Finder [39]. The full capabil-
ity map with subcategories and counts, including boundary cases
(e.g., recommender-style products marketed as agents), is in Ap-
pendix A.2.

4 User Study
We next conducted a usability study to assess whether and how end-
users could useoperationally agenticAI agents for orchestration,
insight, and creation tasks in practice (RQ2).

4.1 Methodology
We conducted a think-aloud user study with# = 31participants,
with each 1 hour session comprising two AI agent tasks followed
by a semi-structured exit interview. During the study, participants
would attempt to accomplish each task using one of two commercial
AI agents. These tasks were randomly selected from a set of three
we had pre-de�ned, one for each category of our AI agent taxonomy
(i.e., insight, orchestration, creation). The two commercial AI agents
were Operator1 and Manus2.

4.2 The Participants
Participants were recruited via social media (X, LinkedIn) and Pro-
li�c. The sample spanned ages 18�65+, included 23 men and 8
women, and was largely composed of frequent users of generative
AI tools (e.g., chatbots). However, participants were all novices to
the multi-step, task-oriented systems marketed as �AI agents� that
we study here. Full demographics are in Appendix B.8 (Table 6).

4.3 The Agents
We studied two commercially deployedoperationally agenticprod-
ucts: Manus [41] and OpenAI Operator [49] (now integrated into
ChatGPT Agent [48]). Both support multi-step task execution via
a chat-based prompt interface and can use external tools (includ-
ing computer use) to act in real software environments, with user
takeover and oversight; they thus instantiate the operational agentic
properties we discussed earlier (i.e., delegation an initiative allo-
cation, acting in an environment on the user's behalf, multi-step
execution, and providing mechanism for oversight, intervention,
and recovery). We selected them because they were publicly acces-
sible and covered all three taxonomy categories at the time of study.
An extended description of both agents and their interfaces is in
Appendix B.3.

Figure 1: Manus, one of our AI Agents, working on our Holi-
day Planning task.

1https://openai.com/index/introducing-operator/
2https://manus.im/
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Category De�nition Examples

Orchestration Act on behalf of users to manipulate other soft-
ware (GUIs, automation).

Agentforce; Copilot

Creation Generate structured artifacts: slides, apps, docs,
marketing materials.

Lovable; Gamma

Insight Support analysis, synthesis, recommendations,
and information retrieval.

Perplexity Deep Research; Deloitte
Care Finder

Table 1: Summary of three marketed use-case categories for AI agents (full capability map in Appendix A.2).

Manus.Manus is a general-purpose AI agent that can perform
web searches and control a computer (browser, terminal, �lesystem)
from a persistent workspace UI (Figure 5). Its interface combines a
chat thread, live computer view, and progress indicators, making
ongoing work visible. When a user sends a prompt, Manus typi-
cally outlines steps and emits a detailed action log with links to
intermediate states and outputs. Users can also intervene mid-task
via �Take Over,� manipulate the computer, and return control.

Figure 2: The initial screen on Operator, featuring a text box
to enter prompts, and a grid of example tasks in various
categories.

Operator.Operator o�ers comparable computer-using capabil-
ities but with a more minimal, chat-forward interface (Figure 6)
and non-streaming responses. It provides task idea cards on entry
and then transitions to a standard chat view after the �rst prompt.
When it invokes computer use, it embeds a computer preview in
the chat thread (expandable to a larger layout) and supports user
takeover for required steps (e.g., authentication) before returning
control to the agent.

4.4 The Tasks
We de�ned three tasks for our participants to attempt during the
study � one for each category of our AI agent use-case taxonomy.
We designed this study without a non-agent baseline condition be-
cause our objective was to explore the novel interaction challenges
that arise when end-users delegate tasks to autonomous agents,
not to compare agent performance against manual task completion.
Tasks were approximately evenly distributed across participants
and agents (see Table 2). Specifying tasks is, of course, a very open-
ended activity. To pick useful tasks for our study, we selected tasks

that were: (i)familiar to non-specialists, (ii)feasible within the 20-
minute think-aloud window, and (iii)emotionally salient enough
to elicit meaningful preferences and evaluation. Full task-selection
criteria and task screenshots are in Appendix B.4.

Orchestration Task: Holiday Planning.In this task, partici-
pants used an AI Agent to produce an itinerary of a 3-day holiday
to a location of their choice, including �ight tickets, housing ar-
rangements, sightseeing, and other activities of interest. This task
involved orchestration (Section 3) in that it requires the agent to
complete individual steps by navigating real UIs on an active com-
puter. The task required the agent to navigate �ight aggregators,
elicit user preferences for activities, and synthesize results into
a coherent schedule under complex constraints (budget, seasonal
availability, personal preferences). Holiday planning is a familiar,
emotionally salient task � the non-trivial costs and personal nature
of travel raise the stakes of delegation.

Creation Task: Slide Making.In this task, participants used
an AI agent to create (Section 3) a slide deck for a 10-minute pre-
sentation on a topic of their choice. We instructed users that the
slides should be something they would be willing to present them-
selves, raising the stakes and requiring critical evaluation of outputs.
Preparing presentations is common in knowledge work, and peo-
ple have strong variation in both stylistic and content preferences,
making this a task that naturally requires collaboration between
users and agents.

Insight Task: Professional / Personal Growth Stipend Budgeting.
In this task, participants used an AI agent to help them make the
best use of USD 2,000 to advance their personal or professional
development. This task required insight (Section 3) in that it the
agent had to understand user goals, perform web searches, evaluate
options against budget constraints, and synthesize results. Bud-
geting is a familiar, emotionally salient task � what each person
considers a good use of disposable money is highly dependent on
their values and goals, making a generic output unlikely to satisfy.

4.5 Procedure
We ran 60-minute Zoom sessions with# = 31participants. Our
sample size is consistent with qualitative study benchmarks: for ex-
ample, Caine's analysis of CHI papers reported a modal sample size
of 12 [17], and other highly cited studies on sample sizes for qualita-
tive research found that saturation is commonly reached within 12-
24 interviews [23, 25]. Each participant completed 2 assigned tasks
using Manus or Operator, each of which included a 20 minute think-
aloud session and a semi-structured exit interview. We collected
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screen and audio recordings, System Usability Scale [14] responses,
and interview transcripts. Tasks and agent tools were counterbal-
anced, with combinations approximately evenly distributed across
participants (see Table 2). The interviewer did not answer questions
about the agent interface except in limited circumstances where
the tool appeared to be broken. Our recruitment �ow, compensa-
tion, assignment details, and protocol are in Appendix B.2 and our
interview script is in Appendix B.5. The study was approved by an
institutional review board (IRB).

Consistent with the think-aloud protocol, the interviewer pe-
riodically asked participants to articulate what they thought was
happening, what they expected to happen next, and how they eval-
uated the agent's progress. These organic �sync� moments became
especially important when progress halted due to apparent platform
or tool failures: the interviewer probed participants' interpretations
of the blockage and how they were thinking about recovery, but
did not provide task instructions. For example, some participants
treated failures as technical issues on their own end, some evalu-
ated the agent favorably despite the blockage, and some attempted
to pivot to tools or work�ows with fewer login requirements. We
did not code sessions di�erently by intervention status; instead,
these moments were analyzed as naturally occurring windows into
participants' mental models of agent failure modes, intervention
possibilities, and recovery strategies.

To analyze the data we collected, we conducted a re�exive the-
matic analysis [13] to understand what barriers and usability chal-
lenges end-users faced while attempting the tasks we had assigned
them to complete with the use of an AI agent (RQ2). The �rst and
second authors independently coded three interviews using open
inductive coding [56], generating an initial set of codes grounded in
concrete, low-level challenges participants encountered. They met
weekly and discussed the codes for multiple interviews, merging
and de-duplicating codes when realizing they were either the same
phenomenon or variants that were di�erent experiences altogether.
Through this iterative process, the authors abstracted recurring
patterns into higher-level themes that explained general experi-
ences participants went through as they navigated agent software.
Consistent with best practices for qualitative research in the HCI
community [43], agreement was reached through discussion and
consensus rather than inter-rater reliability metrics. Our codebook
can be viewed in Appendix B.9.

4.6 Findings
Participants were generally able to complete both assigned tasks
with a reasonable degree of success � though we speci�cally se-
lected tasks that we veri�ed were simple and doable prior to the
study. Nevertheless, we identi�ed a number of critical usability
barriers that hindered participants' ability to make optimal use
of the AI agents we tested. We will start by discussing where the
agents succeeded, general impressions towards the agents, and then
discuss the usability barriers we identi�ed.

4.6.1 Agent successes.Figure 3 and Table 2 report SUS scores [14]
by task and agent. We compare agents within each task using
Welch's two-sampleC-test, which does not require equal variances
between groups. Seven participants completed the same task with
both agents, partially violating independence; we treat these tests

Figure 3: Mean System Usability Scale (SUS) [14] scores by
task and agent. Error bars show 95% bootstrap con�dence
intervals (10,000 resamples); per-cell sample sizes are = = 9�
13. Per-task standard deviations and Welch's C-test results are
reported in Table 2.

as descriptive context rather than strict inference. Manus rated sig-
ni�cantly lower than Operator on Holiday Planning (� 10”8 points,
? = ”043) and signi�cantly higher on Slide Making (¸ 20”8 points,
? = ”012); Stipend Budgeting was not distinguishable (� 12”9 points,
? = ”184). With = = 9� 13per cell, the study is underpowered to
detect modest e�ects, and contrasts are unadjusted for family-wise
error.

Participants were charitable toward both agents even when tasks
failed:�This is worth it in every sense of the word�(P23); most praised
the agents' detail (�very comprehensive and thorough�, P26). None
had used AI agents before, so this may partly re�ect novelty. The
favorable SUS scores may appear in tension with the barriers below;
we �nd both genuine. Participants recognized real value, but the
barriers�around mental models, trust, collaboration, communica-
tion, and metacognition�are frictions that would compound with
sustained use, and would likely be magni�ed in higher-stakes, less
structured real-world settings beyond our deliberately simple tasks.

Participants also reported a consistent tradeo�: Manus produced
richer �rst-class outputs (especially for slides) but introduced higher
communication overhead and lower editability of intermediate
artifacts, while Operator was more concise but stalled more often
during computer-use work�ows. Both exhibited the barrier classes
below.

4.6.2 Barrier 1: Agent behaviors misalign with user mental models.
Many participants were unsure what agents could do, how much
detail prompts required, and what role they should play during
execution. This uncertainty made initial prompting feel high-stakes
and encouraged trial-and-error interaction rather than con�dent
delegation. As one participant noted,�You've got to sit there and
make sure that your initial prompt is perfect . . .You ask exactly what
you're looking for.�(P26).

Users also misunderstood core interaction mechanics (e.g., when
and why takeover was needed), suggesting that current interfaces
under-specify agent a�ordances and execution boundaries. Overall,
users built mental models reactively from outcomes rather than
proactively from clear system cues, contributing to downstream
trust and control breakdowns.
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Table 2: Per-task SUS scores by agent. The Manus� Operator estimate, 95% CI, and? value are from Welch's two-sample C-test
(which does not assume equal variances between agents). Cells show mean (" ) and standard deviation ( (� ).

Task Operator Manus Manus� Operator

= " ((� ) = " ((� ) estimate [95% CI] ?

Holiday Planning 10 88.8 (8.6) 10 78.0 (12.8) -10.8 [-21.1, -0.4]0”043
Stipend Budgeting 9 84.2 (18.2) 10 71.2 (22.4) -12.9 [-32.6, +6.8]0”184
Slide Making 10 69.8 (20.9) 13 90.6 (8.6) +20.8 [+5.4, +36.2]0”012

Users were apprehensive and uncertain about prompting agents.
End-users generally did not know what to expect when sending
an agent a prompt, leading to a behavior that we term�prompt
gambling�, i.e., users expressing uncertainty and hesitation with
prompting agents owing to concerns that it would generate unnec-
essary and excessive outcomes.

This uncertainty led to a range of di�erent prompting strategies.
Some users believed they needed to decompose a task into individ-
ual steps, and have an agent perform each step one at a time. These
users would craft an initial prompt with only the �rst step of the
task � but the agents they used would assume that this �rst step
was the full task, leaving users feeling trapped. Other users would
provide a highly detailed initial prompt to try and prevent agents
from going astray. The ultimate e�ect was that many participants
felt that the initial prompt they fed to the agent was high-stakes
and essential to get right.

In other cases, users were pleasantly surprised by how much the
agent could do with little speci�cation:�I thought I needed to give it
source material for the slides, but it did all the research and organized
it in slides that would've taken me weeks to put together.�(P26) These
participants gradually updated their model of the agent from a
deterministic tool requiring structured hand-holding to something
more�as if it were an administrative assistant�(P9). This confusion
� while not sti�ing � still indicates that agents' a�ordanceswere
mysterious to users; their conceptions arose only after trial-and-
error, and even then remained task-speci�c and incomplete.

Users had trouble understanding what agents did, and why.Mul-
tiple users were confused about what �Computer use� was and
how it worked. Attempting to make slides, Operator repeatedly
asked users to useTake Overto sign in to Google Slides, which felt
unexpected and undesirable. One user expected the slide outline
and designs before being asked to log in, and expected slides to
be prepared within Operator, unaware that slide-making was not
native functionality. They also misunderstoodTake Over, believing
it was a request for them to make the slides rather than sign in and
return control to the agent. P19 stated:�it's kind of like I'm giving
you a job, and you're throwing the job back at me...You have not even
given me anything yet, and you want me to do some stu� for you
already.�

A more technically knowledgeable participant questioned the
need for Computer Use altogether, preferring web APIs for research
tasks over browser control. Computer Use was perceived as far
slower than participants' own manual searches.

Some participants developed folk models of how interim out-
puts a�ected speed. For example, noting the volume of progress

reports, P31 wondered whether hiding work�ow logs would make
the agent faster.

In short, AI agents are capable enough that simple recall-based
chat leaves too much to users' imagination. This creates confusion
about what agents can do, what they need from users, how they
work, and what role users play in task completion.

4.6.3 Barrier 2: Agents presume trust in sensitive contexts.Several
participants (e.g., P22, P26, P30) expressed distrust in working with
AI agents to perform either speci�c parts of a task or the task as a
whole. Trust issues with each of the tools spanned concerns around
hallucinations, password management, low expectations of agents'
capabilities, and disinclination to hand over too much autonomy
over tasks users preferred to handle personally.

Not all users wanted to trust the agent with credentials to their
accounts:�I don't particularly want to give it my Google account
information� (P30).

Some users also expressed apprehension about entrusting the
agent to do tasks on their behalf, such as planning a trip:�I would
plan manually �rst, then compare. . . I still don't trust it completely�
(P26). P22 further explained how these trust issues were com-
pounded by the fact that the agent did not ask them questions
about their preferences or constraints:�it didn't ask me. you know.
Do I want one bed or 2? Do I want a a room that looks out on the
pool? Or do I want one that looks out on the plaza?�This example
highlights how trust-building is discursive; for tasks that require
capturing personal preferences, overly eager agents that run o�
and do work without con�rming user intent can reduce trust.

Several participants also expressed concern about the veracity
of the information agents provided, especially when the values
con�icted with a priori expectations or seemed too good to be true.

4.6.4 Barrier 3: Agents fail to accommodate diverse collaboration
styles.Many participants were uncertain how to �collaborate� with
agents; several requested pause/stop or �ner-grained control (e.g.,
P23, P26). Users were unsure what they could delegate, how to exert
control, and how to recover from errors.

Users lack e�ective control mechanisms for steering agent behavior
during task execution.When agents failed or otherwise produced
poor initial outputs, several users believed that it would be faster
and more e�ective to restart from scratch as opposed to asking the
agent to iterate on the provided deliverable. They did not believe
the agent could e�ectively make �ne-grained edits. P31 captured
this feeling when expressing confusion as to why the agent was
able to easily create new slides, but had trouble following more
detailed instructions to iterate on these slides:
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�I remember the original one. I mean, it had, like maybe
one more block of text on the left hand side, and just for
it to remove, you know, that seemed like it took longer
than you know, creating all 7 other slides. So that was
kind of I don't know why it got so caught up on that.�
�P31

Users also expressed wanting better real-time control mecha-
nisms to supervise the agent and ensure it stayed on track. Partici-
pant 26 expressed this tritely,�I'd like a pause button if it's going o�
the rails.� Similarly, P23 expressed wanting a �stop button� to exert
more control over how long the agent worked per prompt.

Others missed or were hesitant to oblige Manus' message inviting
additional prompts even while it was responding to a previous
prompt. These participants questioned if sending a new prompt
would derail the agent or otherwise cause it to lose progress.

Users vary in the level of proactivity they would like out of agents.
We observed strong variation in how involved individual users
wanted to be with crafting the �nal output delivered by the agent.
For example, for the slide making task, some users were interested
in being deeply involved with the design of each slide, whereas
others were content with the agent proposing its own outline and
building a slide deck around it, with little involvement from them.
P9, for example, mentioned �my typical way of doing this kind of
thing is to build all this as independent units on my own."

More generally, we found that some users viewed agents as
�thought partners� while others viewed agents as execution tools.
P16 was emblematic of the former camp:�I like to do some of the base-
line stu� myself. . . use AI more as. . . con�rmation...making sure that
what I'm taking away from something is maybe correct. . .and then
kind of just verifying that I didn't miss anything�Agents generally
did not appear to account for this variation, and tended towards
being over-eager execution tools � i.e., assuming users wanted
minimal overall involvement.

Agents made incorrect assumptions about users, leading to miscal-
ibrated outputs.Agents also appeared to sometimes make incorrect
assumptions about users which could lead to deliverables that were
misaligned with user expectations.

For example, for the Slide Making task, P30 requested that the
agent make a slide deck about bats. The �nal slide deck the agent
produced was minimal � just a stream of bat images with little text
to sca�old the rationale for each image. This lack of sca�olding
left P30 feeling frustrated, and feeling like the agent made a faulty
assumption:�It thinks I'm an expert at bats, but I don't know much,
and I certainly can't present a talk with slides that just have photos�.
P30 further expressed wanting to explicitly specify roles and ex-
pectations in the collaboration:�Hey, I'm really good at doing this.
These are things that you might need. I might need your help on . . . .�

Similarly, for the Trip Planning task, P13 found many of the travel
suggestions the agent made to be fairly basic, and only necessary
for people taking a �ight or visiting a country for the �rst time, an
assumption that they believe the agent had made incorrectly.

Users struggle with recovering from agent errors due to opaque
failure modes.Agents occasionally made errors as they attempted
to complete tasks � indeed, 14 out of 31 users encountered at least
one operational error during the study, such as being blocked by

Figure 4: OpenAI Operator, working on the slide making
task. Frequently, it was blocked while connecting to online
presentation software, potentially due to anti-bot protection.

bot detection work�ows ( 4). Many users struggled with recovering
from these errors.

In particular, for Operator's Computer Use, many users did not
even register errors when they did occur. Operator generally froze
in these circumstances with no error message or troubleshooting
instructions, leaving users uncertain:�I wasn't quite sure why it
was failing.� (P7) As a result, many users attributed Operator's
lack of progress to arbitrary causes such as websites being incom-
patible with Operator, security settings on the user's computer,
or because of their own errors. P30, for example, said:�I didn't
realize it was failing... that could just be my own ignorance of the
platform it was using.�

These complete blockages prompted interviewer probes about
participants' interpretations of the failure and recovery options,
but not direct task guidance.

4.6.5 Barrier 4: Agents create communication overhead for users.
Participants across the spectrum of progress-visibility preferences
(e.g., P16, P21�P24, P31) reported di�culty parsing agent output or
articulating intent.

Users have varying expectations around communication of agent
progress.We observed a full spectrum of expectations and pref-
erences around how agents should communicate task progress.
Some (e.g., P16, P24, P31) preferred �nal-output-only interaction,
while others (e.g., P21, P22, P23) wanted progress updates for over-
sight and con�dence. For example, P16 stated:�It's just too much
to take...Oh, my God! It threw out so much stu�...it's almost an over-
whelming amount of information�. Across both preferences, users
reported that the logs were hard to parse because key milestones
were buried in dense, uniformly formatted output.

Prompting agents is a technical speci�cation recall task that is cog-
nitively demanding.Many participants expressed that prompting
agents was di�cult, because they were themselves uncertain about
how much they needed to communicate with the agent and how
best to communicate the web of interconnected preferences they
had in their minds.

something that might be obvious to a person, is maybe
not always obvious to the AI is needed information. So
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it doesn't think to ask, and you don't think to tell it and
then realize there's a gap.�P16

For instance, for the Slide Making task, users expressed a desire to
directly modify slides agents had initially improved, rather than
asking the agent to iterate on those slides. These users believed it
would be too di�cult to articulate, in a way agents might be able to
understand, their criteria for what they wanted to improve. They
simply wanted �better images� or �less text-heavy� slides.

Similarly, on the Trip Planning task, many people wanted to pick
�ights themselves because of complex, conditionally intertwined
criteria that were di�cult to express as structured instructions (e.g.,
frequent �yer miles, number of stops, time of day). The perceived
need to do so created intense metacognitive demands.

4.6.6 Barrier 5: Agents lack metacognitive self-assessment.Several
users (e.g., P16, P19, P20, P29) observed that agents struggled to
assess their own progress, limitations, and output quality in terms
users could understand.

Agents don't know what they don't know and can't do.When
agents encountered di�culties or made errors, several users ob-
served that agents would fail to recognize these errors and get stuck
in a repetitive loop. For example, for the Slide Making task, Operator
didn't seem to recognize its inability to control some slide-making
websites, which remained frozen for extended periods of time. P16
noted:�It doesn't have access to certain things, so it couldn't do it.
And it just was kind of circling.�P16 then lamented that if they had
taken more initiative in troubleshooting, they would have been able
to compensate for the agent's failure to recognize its limitations,
highlighting meta-cognitive gaps that users must sometimes cover.

Users expressed a desire for agents to express greater re�ective abili-
ties.For example, for the Personal Growth Insight task, P20 noticed
that Manus hallucinated information about courses that didn't exist
at all, even when synthesizing information from Web searches. In
this situation, the user (P20) preferred a di�erent response:�it's
seeking to provide an answer rather than to say, I don't know, or to
link someone where they should go to �nd information.�Similarly, for
the Slide Making task, P19 expected the agent to take more active
role in seeking critique to improve the design:�It probably covered
like 70 to 80% of what I was expecting. I was waiting for it to ask me
for some more information.�

Agents use tools with which users are unfamiliar, precluding e�ec-
tive oversight.We observed that agents sometimes used tools with
which users were unfamiliar, inhibiting oversight and control. We
often saw this in the Slide Making task: agents unexpectedly used
programming tools to create slides. P29, for example, was surprised
by Manus' decision to use HTML:�I wasn't expecting it to make the
slides all in HTML!�When Operator did something similar, P25 felt
left out of the process and pessimistic about success.

5 Discussion
Our results show a gap between industry aspirations for AI agents
and how novice users can reliably use them in practice. In taxono-
mizing the capabilities of 102 products marketed as �AI agents� and
conducting a think-aloud usability study with 31 participants assess-
ing these capabilities across two operationally agentic systems, we

Usability barrier Implicated agentic property

Mental-model misalignment
Hidden plans/boundaries
Long-horizon autonomy

Premature trust assumptions
Credential delegation
Real-world actions

Collaboration-style mismatch
Mixed-initiative planning
Intervention points

Communication overload
Step logs
State over time

Weak metacognitive behavior
Stall/loop detection
Hando� to users

Table 3: Mapping of the �ve empirically identi�ed usability
barriers to the agentic properties (from prior HCI and ML
literatures) that cause or amplify them.

found �ve critical usability barriers: (1) mental-model misalignment,
(2) premature trust assumptions, (3) collaboration-style mismatch,
(4) communication overload, and (5) weak metacognitive behavior.
Table 3 maps each barrier to an implicated agentic property.

5.1 Relationship to LLM Usability Barriers
We did not include a chatbot baseline, so our claim is not that these
barriers are absent from chatbots. Rather, our results show how
familiar LLM usability problems are recon�gured when language-
based interaction becomes a mechanism for delegating action. In
chatbots, users primarily evaluate and revise model outputs. In
operationally agentic systems, users delegate work that unfolds over
time through plans, tool calls, external interfaces, credentials, and
intermediate artifacts. The usability surface expands � prompting
remains a challenge, but in addition there are questions around
if users can appropriately bound an agent's autonomy, inspect its
progress, intervene at the right moment, and recover from failures.

Prior work shows that non-experts prompt LLMs opportunisti-
cally and struggle to form stable mental models of language-based
systems [12, 35, 73]; generative-AI design work similarly empha-
sizes the di�culty of specifying, prototyping, and controlling vari-
able model outputs [63, 66]. Our �ndings suggest that these known
challenges become more consequential when ambiguous instruc-
tions are enacted rather than merely answered. In a chatbot, a poor
prompt may cost another turn. In an agent, the same ambiguity
can launch a time- and resource-consuming multi-step execution
process that invokes external tools and/or produces irreversible side
e�ects before the user can diagnose the mismatch. Thus, Barrier
1 and Barrier 2 are not only about users knowing what to ask or
whether to trust an answer; they are about whether users under-
stand what the agent will do after being asked, where it will act,
what assumptions it will make, and what risks it may incur on the
user's behalf.

The remaining barriers similarly re�ect the shift from response
generation to enacted work.Task diversitybecomes more chal-
lenging because agents may manipulate heterogeneous external
substrates such as browsers, �les, accounts, slide editors, calendars,
and software tools in ways that users may not be able to e�ec-
tively oversee (e.g., when agents create slides programmatically).
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Metacognitionbecomes central because agents can stall, loop, or
use unfamiliar tools over many steps; users need to know when
the agent is struggling, what it is doing, and when they should
intervene. Finally,collaborationdi�ers from turn-based chat be-
cause agents may take many actions per instruction while users
interleave corrections, clari�cations, and new goals.

Some manifestations of these barriers may diminish as users
gain experience and models improve, but delegation, oversight,
intervention, and recovery are structural requirements of agentic
systems that will not be addressed simply by expecting more capable
users and models in the future. We next translate these barriers into
concrete implications for designing and evaluating agentic systems
for general end-users.

5.2 Implications for Designing AI Agents
Our �ndings yield six high-priority design implications for end-
user AI agents, each directly grounded in the �ve usability barriers
we observed.

5.2.1 �Know your user�: Calibrate to user preferences.Users vary
in desired proactivity, communication verbosity, and trust require-
ments (Barriers 2�4). Agents should maintain lightweight user pro-
�les (e.g., preferred collaboration style, verbosity, trusted sources)
and ask task-speci�c preference questions at session start, including
acceptable autonomy and when to defer.

5.2.2 �Know yourself�: Improve self-assessment.Participants en-
countered agents that missed blocked progress, presented imperfect
drafts as �nal, or used unexpected tools (Barrier 5). Agents should
expose con�dence, detect repeated failures, and hand o� control
when stalled or in need of user input. They should also distinguish
completed, blocked, and uncertain states so they neither stop too
early nor gratuitously revise work that is already acceptable.

5.2.3 �Be adaptable�: Adapt to task and end-user.Users wanted
di�erent levels and formats of progress visibility, but interfaces pre-
sented uniform, high-volume logs (Barrier 4). Agents should adapt
presentation by task type and user preference, using progressive
disclosure to emphasize milestones while collapsing routine actions.

5.2.4 �Measure twice, cut once�: Support planning and execution
control.Users lacked control over plan quality after the �rst prompt
and often felt trapped in poor-quality execution paths (Barriers 1
and 3). Agents should support pre-execution plan review/edit and in-
execution controls such as pause, stop, rollback, and checkpointing.
This is especially important when agent actions consume time,
credentials, or real-world opportunities before inspection.

5.2.5 �Show, don't tell�: Support non-textual input.Purely free-text
controls imposed a high recall burden and made nuanced intent
di�cult to express (Barrier 4, leading to Barrier 1). Agents should
combine instruction templates, recognition-based controls, and
demonstration-based input [20] so users can specify high-impact
choices without relying on prompt-engineering know-how, espe-
cially for visual edits and conditional constraints.

5.2.6 �Next time's the charm!�: Support precise iteration.Partici-
pants often trusted agents for �rst drafts, but not for precise iter-
ations, especially on visual and structural deliverables (Barrier 3).

Agents should support artifact-native iteration: inline comments,
visual di�s, section reordering, version history, and selective revert.
Intermediate outputs should remain inspectable and editable.

5.3 Implications for Evaluating AI Agents
Based on our �ndings, we propose that agentic systems be assessed
along at least the following axes to ensure usability: (i)intervention
frequency�how often users must pause, correct, or redirect the
agent (Barriers 1, 3); (ii)time-to-recovery�latency and e�ort to
recover from agent errors or stalls (Barriers 3, 5); (iii)stall/loop
rate�incidents where the agent fails to recognize blocked progress
or repeats unproductive actions (Barrier 5); (iv)plan-edit friction�
ease of reviewing or revising the agent's plan before or during
execution (Barriers 1, 3); (v)credential and hando� points�clarity
and safety of sensitive action delegation (Barrier 2); (vi)iteration
utility �the ability to make speci�c, targeted improvements on
an interim output (Barrier 3); and, (vii)rollback/checkpoint use�
availability and usability of undo or checkpointing (Barrier 3). These
dimensions complement existing capability-oriented evaluations
and support the design of more reliable agentic systems.

5.4 Limitations
As with any empirical study of an emerging technology, our study
has limitations related to the tasks we developed, the composition
of our participant pool, and the dynamism of the product space. Our
user study features three sample tasks, which, while representative
of the use cases from our taxonomy, cannot cover the breadth and
depth of tasks that AI agents purport to support and that can be
found in modern digital knowledge work. Next, our group of par-
ticipants came exclusively from the US sociocultural context, were
relatively young, able, and comprised frequent users of generative
AI (but not agentic AI) tools. Finally, we assessed desktop versions
of just two commercial AI agents from a large and rapidly expand-
ing space of agent software, whose models, capabilities, interaction
paradigms, and resulting usability challenges may di�er.

6 Conclusion
In this study, we created a taxonomy of industry-marketed use cases
of �AI Agents� and conducted a usability study of two commercial
agents, Operator and Manus, to examine how marketed capabil-
ities translate in practice. We identi�ed three broad use cases�
orchestration, creation, and insight�and observed �ve recurring
usability barriers: (i) mental-model misalignment, (ii) premature
trust assumptions, (iii) collaboration style mismatches, (iv) commu-
nication overload, and (v) weak metacognitive behavior. We trans-
late these into implications for designing and evaluating end-user
AI agents: calibrate to user preferences, support self-assessment,
adapt to task and user, broaden intent input beyond free text, and
support precise iteration. Together, these identify central challenges
to realizing the longstanding aspirational vision of AI agents.
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A Systematic Review
A.1 Methodology
To construct the taxonomy, we surveyed AI agent product websites and aggregator articles. This is amarketed-as-agenticcorpus: we included
products that are marketed or described as �AI agents� (or equivalent), and the corpus may include boundary cases (e.g., recommender-style
or assistant-style products that use the �agent� label) because our goal is to capture how the label is applied in industry. We isolated use
cases by deliverable and by verbs describing the automated process, then performed open, inductive coding and clustered use cases until we
reached three orthogonal capability types.

Search criteria.We drew on aggregated lists (Google Cloud 601 Real-World AI Use Cases [54], AI Agent Directory [8], Product Hunt [26])
and Google searches for �AI agents� and �LLM agents,� assembling# = 102products. We stopped when new searches yielded agents whose
use cases overlapped with those already identi�ed.

Exclusion criteria.We excluded academic articles and tools for users with specialized domain knowledge. To capture agents for non-
technical end-users (the �Johnny� persona [67, 73]), we excluded developer-focused tools (e.g., Cursor [1]) but included consumer-facing
ones (e.g., Lovable [5]).

Limitations.The �AI agent� category is rapidly evolving; we do not claim to have reviewed all products or that our list is representative of
all future o�erings.

Analysis.Two authors performed an inductive qualitative content analysis [56] of marketed capabilities. Following prior work on
pre-trained model use-cases [51], we read customer-journey descriptions, produced initial codes independently, then reached consensus on a
codebook [43] and applied it to the full set. We then abstracted codes into higher-level categories using established taxonomy development [46]
until three orthogonal categories covered every agent.

A.2 Taxonomy Capability Map

Category Capability Count Example Agents

Orchestration
Automation 36 Salesforce Agentforce; BotPress
Direct UI / Commands 18 Volkswagen IDA; Copilot

Creation

Writing 25 Ubisoft Ghostwriter
Audio 2 ElevenLabs
Websites & Apps 3 Lovable; Den (Workspace)
Presentations 2 Gamma; Beautiful.AI
Images 2 L'Oréal AI Agent

Insight

Information Retrieval 98 Perplexity AI; Cohesity Gaia
Recommendations 44 Net�ix; Spotify AI DJ
Data Analysis 31 Hex; ThoughtSpot Spotter
Synthesis 17 Fullstory Behavioral Data Agent
Evaluation 6 Wipro Contract Assistant
Personalization 2 Mercedes-Benz CLA Agent

Table 4: Full taxonomy of marketed AI agent capabilities (counts by subcategory; products may appear in multiple categories).
Entries re�ect marketed capabilities; products in this map may or may not fully instantiate operationally agentic properties.

A.3 Systematic Review Codebook
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Table 5: Codebook: Taxonomy of Marketed Use Cases for AI Agents

Category Code Name De�nition
Orchestration Output Purpose Produces executable actions or commands.

Direct UI manipulation Agent interacts with software interfaces on the user's
behalf.

GUI Automation Clicking, scrolling, or selecting elements in a graphical
interface.

Terminal Automation Running shell or command-line instructions.
Creation Output Purpose Generates new content shaped by user input.

Writing Producing text-based outputs.
Emails Drafting structured, professional or personal communi-

cations.
Articles Creating longer-form written content.
Marketing �iers Designing promotional or advertising copy.
Letters Generating formal or informal correspondence.
Website and Application Devel-
opment

Writing software, websites, or applications.

Images Producing static visual content.
Music Composing audio tracks (limited commercial viability).
Videos Generating video clips or animations (emerging).
Sound Creating audio e�ects or spoken content.

Insight Output Purpose Re�nes data using cognitive and analytical meth-
ods, to guide decision-making.

Research Gathering and synthesizing external knowledge.
Information Retrieval Providing factual or domain-speci�c information.
Insight Drawing conclusions or highlighting patterns.
Data Analysis Processing and interpreting structured or unstructured

data.
Evaluation Using the model to judge, score, or re�ne outputs.
Synthesis Combining multiple inputs into a coherent whole.
Recommendations O�ering next steps, decisions, or actions.

B User Study
B.1 Recruitment, Compensation, & Ethical Review
We recruited participants by advertising on social media platforms such as X and LinkedIn, as well as posting the study on Proli�c. 841
prospective participants completed an initial screening questionnaire that we linked to from our social media post, from which we selected
13. We separately recruited 18 participants from Proli�c, which resulted in# = 31participants in total. These participants are listed in
Table 6. We selected participants to capture a wide range of age groups, occupations, and prior experience with conversational AI tools.
Participants were compensated $25 for their interview via Amazon eGift Cards or directly through the approval of Proli�c submissions.

B.2 Logistics
For participants recruited through social media outreach, selected participants received a link to sign up for an appointment slot through
online scheduling software and a link to a consent form. Before each task, a password manager was used to send temporary links to access
each agent. Participants were introduced to the study and asked to open a link to the online survey. They were read the task description and
given 20 minutes per task. The interviewer clari�ed task-related questions and communicated intermittently while the participant worked to
capture live reactions. In general, the interviewer did not answer questions about the user interface, except in limited circumstances where
the tool appeared to be broken, the participant attempted to solve the task outside of the agent, or attempted to perform tasks beyond the task
description. This was done to ensure that the interviews stayed at or close to the expected time and to collect qualitative data on parts of the
task that could be completed even when some agent components were not functional, as was the case in several interviews with Operator.

B.3 Agent Interfaces
Manus.Manus is a general-purpose AI agent that can perform Web searches and control a computer with a visible browser, terminal, and

�lesystem. Its interface (see Figure 5) consists of three panes: a list of past task threads on the left, a chat thread in the center, and a live
preview of the agent's computer on the right with a replay dial and task progress checklist.



CAIS '26, May 26�29, 2026, San Jose, CA, USA Shome et al.

Figure 5: Manus, one of our AI Agents, working on our Holiday Planning task.

When a user sends a prompt, Manus provides a summary of planned steps and shows a detailed log of every action it performs, with
interactive chips linking to search results and screen states. It terminates tasks with clickable links to generated �les. Users can send
additional prompts while the agent is working, and can take direct control of the computer via a �Take Over� button.

Operator.Operator has capabilities comparable to those of Manus, but with a more minimal interface. Its initial screen, as shown in
Figure 6, features task idea cards that help users get started with known tasks it can perform. After entering the �rst prompt, the page
transitions to a traditional chat thread view.

After the user provides a prompt, Operator displays a pulsing circle to denote the processing of the user's input. Unlike most generative AI
chatbots and Manus, it does not stream responses but displays them all at once, even if the response spans multiple screens. If it determines
that computer use is appropriate for a task, it creates a rectangular preview of the computer that is embedded in the chat thread. This can be
expanded to another layout where it occupies nearly three-quarters of the screen space from the right. The user can �Take Over� to control
the computer, which passes direct manipulation commands such as keystrokes and mouse clicks through to Operator's computer, after
which they are requested to record the changes they made before Operator assumes control again.

B.4 Task Selection Criteria and Task Screenshots
We de�ned three tasks for our participants to attempt during the study�one for each category of our AI agent taxonomy�and selected them
using three criteria.

Familiarity. Tasks must be generally familiar to a non-specialized end-user, and ideally ones they have completed in the past without AI
assistance. Not only does this ensure tasks are representative of tasks users might want to delegate in the wild, it controls for failure modes
unrelated to the use of the AI Agent, the main item of interest in our study.
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Figure 6: The initial screen on Operator, featuring a text box to enter prompts, and a grid of example tasks in various categories.

Speed.Tasks must be completed relatively quickly. We chose to observe participants working on two tasks in two 20-minute sessions
in an hour. This gave users su�cient time to complete each task and allowed the interviewer the opportunity to ask several open-ended
questions. Two tasks allowed us to observe di�erences within-subject when the tasks di�ered in either the category or the tool used.

Emotional stakes.Tasks must have some emotional stakes so that the user is personally invested in the outcome despite carrying them out
within the context of a research study. Most tasks in the real-world have subjective user acceptance criteria, and we would like them to be
non-trivial so our results are externally valid. For example,Creation tasks often incorporate visual design. If the user is not personally
invested in the topic, they could trivially declare victory, even if it did not re�ect the care they might place on deliverables whose quality
was personally signi�cant.

B.5 Session Script
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Figure 7: Manus, one of our AI Agents, operating a computer.
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Figure 8: Manus working on the creation task (slide making).
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