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Synthetic TLX

agents simulate a task, then forecast human workload

Figure 1: We introduce Synthetic TLX, a proactive paradigm for human workload estimation. As illustrated, the status quo
requires humans to complete a task and retrospectively rate their experienced workload. In contrast, Synthetic TLX uses Al
agents to simulate a human executing the task and forecast the workload before a person even attempts it.

Abstract

Assessing human workload for technology-mediated tasks helps
prevent task failure caused by poor technology design. Traditionally,
workload is assessed retrospectively using the NASA Task Load In-
dex (TLX) after humans complete a task. What if we could forecast
workload before a human attempts a task using agent simulation?
We introduce Synthetic TLX, a new paradigm for proactive work-
load estimation that predicts NASA TLX scores for a given task,
unlocking novel interaction opportunities and evaluation meth-
ods. To understand its viability, we conducted three experiments
comparing human and agent-generated scores to evaluate where
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they align and diverge. We found agent estimates align with hu-
man scores particularly when prompted with a human persona and
active task simulation. However, agents and humans diverge in the
sources of workload they are sensitive to. Based on our findings, we
present three applications to showcase Synthetic TLX’s potential
and discuss the future of workload-aware human-AI interaction.

CCS Concepts

+ Human-centered computing — Human computer inter-
action (HCI); - Computing methodologies — Modeling and
simulation.
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1 Introduction

Assessing the human workload required to complete a task is a
critical area of study across fields [47]. Originating from aerospace
engineering and applied psychology [48], workload assessment
was initially used to understand the effort required for a pilot to
execute a flight maneuver using an aircraft console. By managing
workload at an appropriate level through careful console design,
engineers could prevent pilots from experiencing workload that
exceeds their physical and cognitive capacity, thereby avoiding task
failure. Workload assessment was subsequently introduced into
HCI to understand how users interact with technical systems and
to improve the overall user experience [18]. Throughout the past
four decades, HCI researchers have relied on workload assessment
across the design of desktop computers, mobile devices, and head-
mounted displays [60, 67].

Among the tools for workload assessment, the NASA Task Load
Index (TLX) remains the de facto standard [47]. Originally devel-
oped by NASA researchers in the 1980s [48], the NASA TLX is a
self-reported questionnaire administered after humans complete an
assigned task to report the workload they experienced. The ques-
tionnaire consists of six subscales that capture different aspects
of workload, such as mental and physical demand, on a 0 to 100
scale, where higher scores indicate greater workload. The overall
workload is typically calculated by summing all six subscales [47].
The NASA TLX has been extensively used in HCI research, with its
adoption reaching 522 CHI papers between 2006 and 2024, includ-
ing being used in nearly 10% of papers published at CHI 2024 alone
[67]. Beyond HCI, the NASA TLX is also used across diverse fields,
ranging from aviation and automotive to healthcare [54, 64, 108].

In this paper, we ask: what if we could proactively forecast work-
load before a human even attempts to complete a task, by predicting
their anticipated NASA TLX scores using agent simulations? We
call this new paradigm for proactive workload estimation Synthetic
TLX. Our goal with Synthetic TLX is to unlock new interaction
opportunities and evaluation methods enabled by proactive fore-
casting, rather than replace user studies where retrospective work-
load assessment is valuable. For example, we envision Synthetic
TLX enabling everyday users to plan their schedules based on the
anticipated workload of their daily tasks, supporting developers in
comparing different system designs based on the anticipated rela-
tive workload of interacting with the systems, or enhancing user
studies by pre-optimizing interfaces with Synthetic TLX to focus
expensive participant time on mature designs. Beyond these im-
mediate applications, as humans increasingly interact with agentic
systems [85], Synthetic TLX serves as a foundational step toward
workload-aware human-Al interaction. We argue it will be critical for
future Al agents to proactively estimate the workload they impose
on humans and modulate their behavior to prevent user overload,
ensuring these technologies remain useful and usable.

To take the first step in understanding whether and how well cur-
rent LLM-based agents can estimate workload, we conducted three
experiments evaluating their capabilities across three technology-
mediated tasks: email drafting, website navigation, and agent con-
versation. We recruited human participants to complete each task
under three conditions with varying sources of workload and rate
their experience using the NASA TLX. Meanwhile, we developed
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four prompting strategies for an LLM-based agent to generate
NASA TLX scores for these exact same tasks and conditions. We
found that agent estimates aligned most closely with human ground
truth when the agent was prompted with a human persona and
performed active task simulation, where the agent actually drafts
email responses, navigates live websites, and engages in interactive
conversation. Yet, agents and humans also diverge in the specific
sources of workload they are sensitive to, whether stemming from
a task’s intrinsic complexity or from extraneous burdens. These
results benchmark where current LLM-based agents succeed and
struggle at supporting the vision of Synthetic TLX, informing both
practical implications for its application today and future research
to unlock its full potential as models advance.

Building on our findings, we present three example applications
to showcase the use of Synthetic TLX in practice. First, MAILLOAD
is a Gmail extension that predicts the workload required for a user
to act on incoming emails. It enables users to triage their inbox
based on their current capacity, such as addressing low-workload
emails while working from home and supervising children. Sec-
ond, WEBSIM is a platform that enables developers to compare the
workload required to complete tasks across different builds of a
website in development, such as purchasing an item on different
versions of an e-commerce website. It allows developers to track
how design changes increase or decrease the anticipated end-user
workload throughout the iterative design process. Finally, SkiLLUX
is a website that allows users to analyze the anticipated workload
of completing a task using an agent equipped with different skills.
By helping users understand the qualitative rationale behind why
certain skills lead to increased mental demand or frustration, it
addresses the challenge users face today when choosing from the
abundance of available skills online, where purely text-based de-
scriptions of the skills leave the actual user experience opaque.

This paper introduces Synthetic TLX as a new paradigm for
proactive workload estimation that unlocks new human-Al interac-
tion possibilities. Based on our experiments, we contribute action-
able insights and simulation strategies to operationalize the vision
of Synthetic TLX, and showcase its potential through three example
applications. More broadly, given the foundational role of the NASA
TLX in HCI research, our work serves as a pivotal and timely case
study to examine the bounds of agent simulation in user modeling,
and introduces workload-awareness as a key consideration for the
future of human-AlI interaction.

2 Related Work

Workload assessment has been a central focus in HCI research
[67]. In this section, we first review the foundational concept of
workload and major assessment methodologies. Next, we examine
the NASA TLX, the most influential workload assessment tool, and
its extensive impact on HCI research. Finally, we discuss recent
advancements in using agents to simulate human behavior.

2.1 Foundations of Workload Assessment

In this paper, we use the term workload to refer to the perceived
cost of accomplishing a task for a human. This builds upon NASA’s
definition [47, 48], which describes workload as the perceived cost
of accomplishing mission requirements for a human operator, such
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as a pilot flying an aircraft. Because human cognitive and physical
resources are finite [11, 74, 82, 91], assessing workload is critical to
prevent excessive demands that can lead to task failure [47]. Even
though there is no universal threshold defining exactly when it
exceeds human capacity [47], efforts have been made to bench-
mark the average workload of diverse tasks [44]. Meanwhile, the
inherent subjectivity of workload is often accounted for through
within-subject study designs. For example, a pilot might execute
a flight maneuver using various console designs, or an end-user
might navigate a software tool using alternative interfaces. By com-
paring the workload experienced in each condition, designers can
iteratively improve the system. Workload assessment is therefore a
critical area of study across fields, including aerospace engineering
[95], human factors [37], cognitive psychology [126], and HCI [67].

Within HCI literature, papers discussing workload often cite
Cognitive Load Theory (CLT) [109] as their theoretical foundation
[60]. Yet, it is important to note that these concepts stem from
distinct fields. While the concept of workload emerged from en-
gineering and applied psychology to evaluate operational task de-
mands [11, 127, 128], CLT originated in educational psychology to
examine how the design of learning materials impacts a learner’s
experience based on limited human working memory [109, 110].
CLT categorizes this cognitive load into three types. The first is
intrinsic load, which reflects the inherent complexity of the topic
itself. The second is extraneous load, which is imposed by the pre-
sentation of the learning material. The third is germane load, which
was later reconceived by Sweller [110], the originator of CLT, as
the capacity spent processing intrinsic load, rather than an inde-
pendent category [57, 106]. Despite CLT originating in educational
psychology, its categorization of intrinsic and extraneous load re-
mains highly valuable to HCI and workload assessment because it
provides concrete objectives for design. For example, designers can
manage intrinsic load to match user expertise while minimizing
the extraneous load caused by poor interface design [52].

Both cognitive load and workload assessments rely on three
major approaches: performance measures, physiological metrics,
and self-report questionnaires. Performance measures evaluate task
outcomes, such as completion time [26] or error rates [10]. How-
ever, these measurements might mask the actual workload of the
task, as a user might expend excessive effort to maintain low error
rates even under high demand. An alternative performance measure
adopts the dual-task paradigm [33], which evaluates performance
on a secondary task, such as response time to an auditory stimulus
[23, 29], to estimate the workload caused by the primary task. A
drawback of this approach is that the secondary task can artificially
inflate the workload of the primary task [33]. The second major
approach relies on physiological metrics [8], such as cardiovascular
activity [31], eye movements and pupil dilation [35, 116], or neural
signals [61]. However, there is no consensus on which signals are
most reliable for workload assessment [33], and these methods re-
quire specialized equipment, such as eye-trackers or EEG headsets,
that are not widely accessible. Given these constraints, self-report
questionnaires remain the most widely adopted approach due to
their ease of administration [60]. While many questionnaires have
been developed, such as the Subjective Workload Assessment Tech-
nique [103] and Instantaneous Self-Assessment [112], the most
influential remains the NASA Task Load Index [47, 48].

2.2 NASA Task Load Index

The NASA Task Load Index, often abbreviated as NASA TLX or
NASA-TLX, is a multidimensional questionnaire developed by re-
searchers Hart and Staveland at the NASA Ames Research Center
in the 1980s to assess the workload experienced by individuals
performing a task [48]. The questionnaire consists of six subscales:
mental demand, physical demand, temporal demand, performance,
effort, and frustration. Each subscale ranges from 0 to 100, marked
by 21 ticks at 5-point increments (see [47] for the official version).
These dimensions were carefully selected through an extensive
analysis of individuals performing a variety of tasks, ranging from
controlled laboratory experiments to flying an aircraft [48]. While
these subscales are intended to capture distinct aspects of workload,
research shows that they are often correlated [67]. In Hart’s own
words, this “illustrates the fact they are all measuring some aspect
of the same underlying entity” [47]. The original administration of
the NASA TLX involved a weighting process to calculate an overall
score [48]. However, it is now common practice to use the un-
weighted Raw TLX by summing or analyzing the subscales directly
[47], as the weighting procedure is time-consuming with unclear
added benefit [17, 20, 49, 118]. Throughout the past four decades,
the NASA TLX has been subjected to numerous independent eval-
uations validating its reliability, sensitivity, and utility [47, 50, 103].
It is widely used across diverse domains, including aviation [83],
automotive [108], healthcare [54, 64], and HCI [60, 67].

The NASA TLX has been extensively adopted in HCI research.
From 2006 to 2024, 522 CHI papers used the NASA TLX for their
studies, accounting for 5.41% of all papers published at the confer-
ence during this period [67]. In 2024 alone, nearly 10% of all CHI
papers used the NASA TLX [67], demonstrating its growing adop-
tion and enduring impact on the field. Throughout the years, HCI
researchers have relied on the NASA TLX to study the workload of
the evolving landscape of technologies, spanning from traditional
desktop computers [13, 19, 21, 24, 27, 32, 36, 59, 65, 68, 76, 89, 93, 111,
119, 132] to mobile devices [38, 58, 75, 78, 81, 88, 92, 101, 104, 105,
117, 121, 131] and head-mounted displays [5, 7, 16, 35, 73, 80, 113—
115, 122, 123, 137]. For example, as early as 1994, researchers used
the NASA TLX to evaluate the workload of different auditory-
enhanced scrollbar designs [18]. In 2008, as smartphones entered
the mainstream market, researchers used it to study how tactile
feedback improves touchscreen text entry [51]. More recently, it
has been adopted to study how humans point [79], walk [1], and
play [42] in VR. While some scholars suspect its pervasive use has
become somewhat of an academic tradition [60], the broad and
lasting impact of the NASA TLX on HCI research and the history
of technological evolution remains unequivocal [47, 67].

Across HCI and other domains, the NASA TLX has been admin-
istered retrospectively, with participants evaluating their workload
only after completing a task [48]. In this paper, we ask a fundamen-
tal what-if question: what if we could proactively forecast workload
before a human attempts to complete a task, such as by predicting
their anticipated NASA TLX scores? We introduce Synthetic TLX
to describe this new paradigm of proactive workload estimation.
The goal of Synthetic TLX is not to replace user studies but to un-
lock new interactions and evaluation methods enabled by proactive
forecasting. We explore this potential using agent simulation.



2.3 Agent Simulation

In recent years, using LLM-based agents to simulate human behav-
ior has become a vibrant research area [87]. Building upon seminal
work on generative agents [96], researchers have applied agent
simulations across diverse domains. These applications range from
replicating classic economic studies [4] and navigating social inter-
actions [136], to making moral decisions [55] and cooperating in
groups [6, 62, 98], among others [40, 130]. By modeling probable
human behaviors, agent simulations have enabled researchers to
model macroeconomic activities [70], prepare for emergency crises
[72], and prototype social computing systems before deployment
[63, 97]. Synthetic TLX extends this body of research by pushing
agent simulation beyond observed human behaviors to estimate
subjective human experiences.

Within this growing landscape, three specific lines of research
are particularly relevant to Synthetic TLX. First, agent simulations
are used to predict the difficulty of coursework questions to better
match student learning needs [2, 69]. While these simulations esti-
mate the knowledge required to answer a question, Synthetic TLX
estimates the workload required to complete a task. The second
line of research, mostly from HCI, uses simulated agents to identify
usability issues in user interfaces. For example, researchers have
prompted agents to role-play as UX experts for heuristic evalu-
ations [34, 90, 135] and cognitive walkthroughs [125, 134], or as
end-users for usability testing [53]. While highly relevant to our
work, these methods focus on identifying interface flaws, whereas
Synthetic TLX specifically targets workload estimation and can be
applied to tasks beyond Ul design. The third line of research aims to
model human cognition through agent simulations [14, 39], such as
having agents conduct psychological experiments [15] or designing
agents that mirror human cognitive biases [99] and limited working
memory [120]. While building cognitive models to predict how hu-
mans use computers is a longstanding tradition in HCI [22], in this
foundational paper on Synthetic TLX, we do not build a specialized
cognitive model. Instead, we explore an LLM-based agent’s ability
to proactively estimate workload.

Building upon this related work, we investigate the potential of
Synthetic TLX using agent simulation, with the goal of understand-
ing its current capabilities and limitations.

3 Synthetic TLX

We introduce Synthetic TLX, a new paradigm for proactive work-
load estimation. Unlike traditional questionnaires where partic-
ipants evaluate their experience retrospectively, Synthetic TLX
forecasts human workload before a task is even attempted. We an-
chor our approach in forecasting NASA TLX scores for two primary
reasons. First, the metric’s pervasive use across HCI and beyond
maximizes the potential impact of a synthetic counterpart. Second,
decades of documented use of NASA TLX equip LLM-based agents
with the training data needed to ground their estimation.

We envision Synthetic TLX unlocking a wide range of new in-
teraction opportunities. First, forecasting the workload required
for a task could enhance everyday productivity tools, such as email
clients, to-do lists, and project management platforms, by helping
users allocate their time and effort based on anticipated demands.
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Second, comparing the expected workload of the same task per-
formed across two different software designs would enable develop-
ers to iteratively improve the system even before recruiting human
participants for retrospective workload assessments. Third, leverag-
ing the diagnostic power of the NASA TLX subscales allows users
or designers to pinpoint specific workload issues within a task or
design, such as excessive mental demand or frustration. Beyond
these applications, Synthetic TLX may simulate users with spe-
cific attributes, or even provide Al-generated feedback for model
fine-tuning [66].

Despite its promise, realizing Synthetic TLX through agent sim-
ulations presents several open research questions. For example, it
remains unclear whether an LLM-based agent can predict workload
scores that accurately reflect actual human experiences. It is also
uncertain which simulation strategies yield more accurate predic-
tions. Furthermore, it is unknown how effectively these methods
generalize across different tasks that users perform on computers.
While there are unlimited tasks humans can perform and countless
simulation strategies to explore, this paper takes the first step to
benchmark LLM agents for Synthetic TLX, comparing human and
agent-generated NASA TLX scores across three experiments.

4 Experiments

To understand the potential of Synthetic TLX, we conducted three
experiments to evaluate the capabilities and limitations of LLM-
based agents in estimating workload. For each experiment, we
recruited human participants from Prolific to complete a selected
task with varying conditions and rate their experienced workload
using the NASA TLX questionnaire [47]. Meanwhile, we prompted
an agent using four different strategies to estimate the workload
of these exact same tasks by generating its own NASA TLX scores.
We then compared the scores to identify where the agent aligns
with or diverges from human ratings.

4.1 Task Selection

We designed each experiment around a distinct task. We selected
these tasks based on three considerations. First, we focused on tasks
that humans have yet to fully delegate to Al otherwise, there is
limited value in estimating human workload. Second, we chose
tasks with concrete goals rather than open-ended activities where
participants can arbitrarily decide when to stop and prioritize speed
over quality. Finally, we selected tasks that vary in how humans
interact with computers to evaluate whether the agent’s capability
to estimate workload generalizes. Based on these considerations,
we selected three distinct tasks:

4.1.1 Email Drafting. This task involved the common daily ac-
tivity of reading and responding to emails. Participants read a mock
email along with a text-based attachment. They then drafted a re-
sponse to a designated recipient based on the email’s instructions
and the attached details. For example, a participant might act as
a vacation organizer emailing a friend group based on booking
information sent by a vendor, or as a team manager emailing an
intern using an onboarding guide received from the company.

4.1.2  Website Navigation. This task captured the experience of
online shopping. Participants were instructed to use a mock website
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Figure 2: Illustration of the study procedure. A total of 162 participants were randomly assigned to one of three tasks: email
drafting, website navigation, or agent conversation, with 54 participants per task. Within each task, participants were randomly
assigned to one of three groups. Every participant then completed the baseline, intrinsic, and extraneous conditions of their
assigned group. To minimize order effects, the presentation sequence of these three conditions was counterbalanced. Every
condition within every group features a completely unique scenario, resulting in nine distinct scenarios per task.

to purchase specific items with designated options and quantities.
They then applied a discount code during checkout to bypass pay-
ment, signed up as a member using provided mock credentials, and
obtained the order number. For example, a participant might be
asked to shop for three organic apples and two standard pears on a
mock grocery website, or one large matcha latte and four medium
oolong teas on a mock boba website.

4.1.3 Agent Conversation. This task was motivated by the grow-
ing use of conversational AL To design a task with a concrete end
goal requiring multi-turn dialogue that enables participants to ad-
equately experience the AI's behavior, we instructed participants
to solve a mystery by interacting with an LLM-based chatbot that
retrieved files with clues, one at a time, from a mock database.
Participants pieced clues together to answer multiple-choice ques-
tions about who caused an incident, how they did it, and when it
happened. For example, a participant might investigate a mystery
involving a vandalized antique display at a history museum.

We provide more detailed examples of each task in Appendix A.

4.2 Workload Manipulation

To understand how well an agent can differentiate between lower
and higher workload, we designed three conditions for each task.
Our goal with these conditions was to elicit varying levels of work-
load while ensuring the resulting tasks remained reflective of plau-
sible real-world scenarios. To achieve this, we took a principled
approach grounded in established theories. We drew inspiration
from Cognitive Load Theory [109] to create our conditions so that
workload was expected to increase from the baseline tasks in Sec-
tion 4.1 either because the task was intrinsically more complex, or
because it imposed an extraneous burden. This section describes
how we designed the intrinsic and extraneous conditions by sys-
tematically modifying the baseline task, as summarized in Table 1.

4.2.1 Intrinsic Condition. To design the intrinsic condition where
workload increases because the task itself is more complex, we
employed Wood’s Task Complexity Model [129], which identifies
three factors that drive complexity: component, coordinative, and
dynamic. We deliberately paired each factor with the specific task
we deemed the most natural fit.

Email Drafting: We targeted component complexity, which posits
that a higher number of distinct acts and relevant information cues
required to perform a task makes it more complex. We operational-
ized this by manipulating the email attachment so that, compared
to the baseline, participants had to extract more details from a
broader set of related information cues to draft their email. For
example, a manager emailing a UX intern had to incorporate more
distinct points into their message by extracting details from an
onboarding guide that also included instructions for other roles,
like engineering and marketing.

Website Navigation: We targeted coordinative complexity, which
describes a task as more complex when dependencies and con-
straints exist between the distinct acts required to perform it. We
operationalized this by introducing a constraint between an item’s
selected options and its quantity. For example, when tasked with
purchasing four individual matcha lattes, participants discovered
they were out of stock and had to select a 4-pack bundle instead.
Additionally, we made member sign-up a prerequisite for checkout,
whereas the baseline allowed participants to complete this step at
any point in their workflow. This sign-up process also required
verifying a valid address, mirroring how real-world e-commerce
websites validate addresses against official postal databases.

Agent Conversation: We targeted dynamic complexity, which
states a task environment that changes over the course of execution
is more complex than a static one. To operationalize this, we modi-
fied the baseline chatbot’s system prompt to dynamically adapt its
presentation style in an attempt to make each file more engaging



for the user, unpredictably append contextually relevant product
advertisements every few turns, and require users to retrieve files
using periodically changing IDs from a randomized list, rather than
by file names from a list with a fixed presentation order as in the
baseline condition.

4.2.2 Extraneous Condition. To design the extraneous condi-
tion, we drew inspiration from Mayer and Moreno’s Theory of
Multimedia Learning [77]. While this theory outlines design princi-
ples to reduce extraneous load, it provides a blueprint for increasing
it by deliberately violating those principles. We matched these
violations with the task we considered most suitable.

Email Drafting: We targeted the principles of weeding and sig-
naling, which emphasize removing off-topic material and providing
visual cues to guide attention. We intentionally violated these prin-
ciples by manipulating the email attachment so that, compared to
the baseline, participants had to extract relevant details from unfor-
matted walls of text that were cluttered with off-topic information.

Website Navigation: We targeted the principle of spatial conti-
guity, which suggests that related information should be placed in
proximity. We intentionally violated this principle by adjusting the
website to display item names only on hover rather than right be-
low thumbnails. We further replaced product options like Small or
Large with numbers like Size 1 and Size 2, with the exact mapping
placed in a separate guide. Finally, we removed the promotional
banner so participants had to look back at the study instructions
for the discount code during checkout.

Agent Conversation: We targeted the principle of eliminating re-
dundancy, which cautions against presenting repetitive information.
We intentionally violated this principle by adjusting the chatbot’s
system prompt to open every response by politely restating the
user’s request, append a takeaway that merely summarizes the re-
trieved file’s contents, and repeatedly invite the user to take the next
step, all of which are common behaviors of current conversational
Al agents [28].

Finally, recognizing that the task scenario, such as shopping on
a grocery versus a boba website, may also influence workload, we
included a variety of scenarios to average out potential scenario-
specific influences. As shown in Figure 2, we created three distinct
groups for each of the three tasks. Each group contained a unique
baseline, intrinsic, and extraneous condition, with each condition
featuring a different scenario. This resulted in nine distinct sce-
narios per task. For example, the website task included shopping
for groceries, boba, pizza, catering, glassware, furniture, plants,
clothing, and travel gear. Although the scenarios varied, the design
of each condition followed the theory-driven operationalizations
described above. See Appendix A for more details.

4.3 Human Participants

4.3.1  Study Procedure. We recorded the human-perceived work-
load to serve as a ground truth for evaluating the agent estimates.
As illustrated in Figure 2, we employed a between-subjects design
at the task level, randomly assigning each participant to only one of
the three tasks (email, website, or agent). Each task featured three
distinct groups, with each group containing its own unique base-
line, intrinsic, and extraneous conditions. We employed a between-
subjects design at the group level, with each participant randomly
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assigned to one of the three groups within their assigned task. Fi-
nally, within their assigned group, we employed a within-subjects
design at the condition level, where each participant completed all
three of these workload conditions (baseline, intrinsic, and extrane-
ous). To minimize order effects, the presentation sequence of these
three conditions was counterbalanced across participants. Imme-
diately after completing the task in each condition, participants
filled out the official NASA TLX questionnaire [47], rating workload
across six dimensions on a 0-100 scale using the unweighted Raw
TLX method. Finally, they provided demographic information and
open-ended feedback.

4.3.2 Recruitment. We recruited participants using Prolific and
restricted eligibility to United States residents whose first language
is English. To ensure high data quality, participants were required
to have an approval rating above 99% and a history of at least 200
approved submissions. We excluded data that did not demonstrate
genuine effort, such as completing the email drafting task in less
than 10 minutes, purchasing the wrong items in more than one
of the three website conditions, or providing incorrect answers
to more than one-third of the mystery questions. After excluding
26 low-quality submissions, our final sample consisted of 162 par-
ticipants, with 54 participants per task, and 18 participants per
group within each task. This sample size was determined via an
a priori power analysis, which indicated that 54 participants per
task provides over 95% statistical power to detect medium effect
sizes in our within-subjects workload comparisons. Additionally,
assigning 18 participants to each group allowed for a fully coun-
terbalanced design, as it is an exact multiple of the six possible
condition permutations. Participants were compensated with a $10
USD base payment and were eligible for a $5 USD bonus to incen-
tivize genuine effort, provided they spent at least 10 minutes on the
email drafting task, or completed the website navigation and agent
conversation tasks without any errors. The average completion
times for the whole study were 34, 16, and 34 minutes for the email,
website, and agent tasks, respectively.

4.4 Agent Configurations

4.4.1 Prompting Strategies. To understand whether certain prompt-
ing strategies are more effective for workload estimation, we de-
signed four strategies P1-P4, summarized in Table 2. They are
structured along two dimensions: Persona and Task Execution.

e Persona (AI vs. Human): We varied this dimension to
understand whether LLMs better estimate workload by
analyzing the task as an Al or a human. Prompts P1 and P2
instruct the LLM to act as an Al estimating the workload
a human would experience. P3 and P4 instruct the LLM to
imagine itself as a human assessing the task’s workload.

e Task Execution (Observation vs. Simulation): We var-
ied this dimension to understand if active task execution
affects workload estimation. For P1 and P3, the LLM esti-
mates workload from the perspective of an observer, with-
out executing the task. It provides scores based solely on
reading the static task materials, including the email in-
structions and attachments, the website’s codebase, and
the chatbot’s system prompt, without drafting an email
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Table 1: Summary of the workload manipulation design across the three selected tasks. The intrinsic and extraneous conditions
were operationalized from the baseline for each task, grounded in established theoretical frameworks.

Intrinsic Condition
Wood’s Task Complexity Model [129]

Extraneous Condition
Mayer & Moreno’s Theory [77]

Task Baseline Condition

Email Draft an email to a specific recipient

Drafting using details from a clearly formatted
attachment.

Website Navigate an e-commerce website to se-

Navigation  lect specific items with designated op-
tions and quantities, apply a discount
code during checkout, and sign up as
a member to receive an order number.

Agent Converse with a chatbot to solve a

Conversation mystery by retrieving files with clues

from its database one at a time.

Component Complexity: The at-
tachment included more details from
a broader set of related information.

Coordinative Complexity: The web-
site included a constraint between se-
lected options and quantity, and made
member sign-up and address verifica-
tion prerequisites for checkout.

Dynamic Complexity: The chatbot
dynamically adapted its style, unpre-
dictably appended product advertise-
ments every few turns, and periodi-

Weeding & Signaling Violations:
The attachment was presented as
dense walls of text and included off-
topic information.

Spatial Contiguity Violation: The
website displayed item names only on
hover, relocated option descriptions
to a separate guide, and removed the
banner with the discount code.

Redundancy Principle Violation:
The bot restated the user’s request, ap-
pended a takeaway that merely sum-
marized the file, and repeatedly asked

cally randomized file access IDs.

the user to take the next step.

Table 2: The 2x2 design space of prompting strategies (P1-P4)
used to instruct LLM-based agents to estimate task workload.
See Appendix B for the detailed prompt texts.

Observation Simulation

Al Persona P1 P2
Human Persona P3 P4

response or interacting with the website or chatbot. In con-
trast, for P2 and P4, the LLM estimates workload through
active simulation: the model drafts the email response; in-
teracts with a live browser powered by Playwright, using
webpage screenshots to determine which components to
click to complete the checkout; and engages in a turn-by-
turn dialogue with the chatbot to solve the mystery, all
before providing its estimation scores. In this setting, the
LLM does not have access to the website’s codebase or the
chatbot’s system prompt, simulating the experience of the
human participants.

4.4.2  Estimation Procedure. For each prompting strategy, we repli-
cated the exact within-subjects design and order counterbalancing
of our human study. To match the human sample size, we gener-
ated 18 independent estimations per group within each task. We
obtained these 18 estimations by running each of the six condition
permutations three times. To mirror the order effects experienced
by human participants, we maintained a continuous context win-
dow for the agent across the three conditions in each run. This
ensured that task instructions, task executions (P2 and P4), and pre-
vious workload ratings were retained in the context history when
the agent evaluated subsequent conditions. For each condition, the
agents were instructed to output their NASA TLX ratings and brief

justifications in a structured format. All agents were powered by
Gemini 3.1 Pro with a temperature of 1.0 for consistency.

5 Results

We present our experimental results organized around three themes:

e Score Alignment (Section 5.1): We examined how well
the agents’ NASA TLX scores aligned with those of humans.
We found that prompting strategy P4, which combines a
human persona with active task simulation, achieved the
highest correlation with human scores across all three tasks,
peaking at r = 0.834 in the agent conversation task. Because
of this strong correlation, calibration can effectively anchor
raw agent scores to an absolute human scale.

e Workload Comparison (Section 5.2): We investigated
how humans and agents compared workload between con-
ditions. Both rated the intrinsic and extraneous conditions
significantly higher than the baseline. However, their rat-
ings diverged when comparing the workload between in-
trinsic and extraneous conditions in the email and website
tasks, revealing that humans and agents might be sensitive
to different sources of workload.

e Qualitative Insights (Section 5.3): We analyzed the qual-
itative reasoning provided by the agent for its NASA TLX
scores. The agent successfully identified most of the opera-
tional adjustments we used to manipulate workload, though
not without a few omissions. These oversights may have
contributed to how the agent weighted the intrinsic and
extraneous conditions differently from humans.

Overall, these results illuminate where human and agent scores
align and diverge for the LLM we tested. Section 5.4 synthesizes
these learnings into key implications for Synthetic TLX powered
by LLM-based agents.



5.1 Score Alignment

Active task simulation with a human persona yields agent
workload estimation most aligned with humans. We begin by
comparing the agents’ NASA TLX scores against the human ground
truth. Given that the absolute scale of scores can be subjective even
among human participants, we measure alignment by calculating
the Pearson correlation between the agent and human scores. This
metric evaluates whether the scores increase and decrease together,
independent of their absolute scale. Specifically, for a given task
and prompting strategy, we calculated the mean human score and
the mean agent score for every combination of the 3 groups within
that task, the 3 experimental conditions, and the 6 NASA TLX
dimensions, yielding 54 paired data points. We then derived the
Pearson correlation coefficient across these 54 pairs. As shown in
the top row of Figure 3, P4 consistently led to the highest Pearson
correlation across all three tasks, reaching a peak of r = 0.834
in the conversation task. This result suggests that prompting the
agent with a human persona, combined with active task simulation
where the agent actually drafts email responses, navigates live
websites, and engages in interactive conversations, helps increase
the alignment between agent and human scores.

When workload prediction on an absolute scale is desired
in practice, calibration helps anchor agent estimation. The
strong correlation suggests an opportunity to map raw agent scores
onto the absolute human scale through calibration when needed for
downstream applications. To evaluate how effectively calibration
reduces the gap between agent and human scores, we used Mean
Absolute Error (MAE). Specifically, we calculated the absolute dif-
ference between the agent and human means for each of the 54
previously discussed paired data points and averaged these differ-
ences to determine the MAE before calibration. Next, we applied a
standard linear regression to calibrate the agent scores against the
human ground truth, deriving a slope and intercept for each task
and prompting strategy. Finally, we recalculated the MAE using
the calibrated agent scores and human ground truth. As shown in
the bottom row of Figure 3, the calibration substantially reduced
the MAE, with P4 resulting in the lowest error across all tasks.
This result points to calibration as a practical method for mapping
agent estimates to an absolute human scale, such as in applications
where a user wants a custom agent to anchor predictions to their
personalized scores.

5.2 Workload Comparison

While agents consistently estimate the added workload of
intrinsic and extraneous conditions, how they weigh these
different types of load diverges from humans. We calculated
the overall workload for each condition within each task by sum-
ming all six dimensions of the NASA TLX score, following the Raw
TLX method. As shown in Table 3, humans rated both the intrinsic
and extraneous conditions significantly higher than the baseline
across all tasks (A;_p and Ag_p), validating the effectiveness of our
workload manipulations. Similarly, the agents also rated the intrin-
sic and extraneous conditions significantly higher than the baseline,
regardless of the prompting strategy. Yet, for the email drafting and
website navigation tasks, the direction of the difference between
the intrinsic and extraneous conditions (Aj_g) reverses between
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humans and agents: while humans reported higher workload for
the intrinsic condition in the email task (statistically marginal) and
the extraneous condition in the website task, the agents rated the
opposite irrespective of the prompting strategy. To rule out the pos-
sibility that this inverted pattern in overall workload is driven by a
particular subscale, we verified that it holds across all six subscales
for these two tasks. These results reveal that while agents consis-
tently recognize when a task becomes more demanding relative to
the baseline, their internal weighting of different workload sources
diverges from humans.

Agents also diverge from humans in their sensitivity to
different task modalities and their reactions to increased
workload. Table 3 also reveals two broader trends regarding how
the agent estimations diverge from those of humans. First, for the
email drafting and agent conversation tasks that are text-based,
the agents consistently underestimate human workload across all
conditions, regardless of the prompting strategy. In contrast, for
the website navigation task, which involves inputs beyond natural
language such as a codebase (P1 and P3) or screenshots (P2 and P4),
the agents generally overestimate the required workload, except for
P2 and P4’s extraneous conditions. This result suggests a need for
future research into how the distinction between purely text-based
and multi-modal tasks may impact differences between agent work-
load estimation and human workload assessment. The second trend
is that when examining the differences between the manipulated
conditions and the baseline (A;_p and Ag_g), the agents tend to be
overreactive to the increased workload compared to humans. This
phenomenon is particularly salient when the agent is prompted
as an observer (P1 and P3). When we compare the A;_p and Ag_p
of P1 to P2 and P3 to P4 for each task, we see that in 75% of cases
(9 out of 12 comparisons), the observer roles yield larger score in-
creases than the agents with active simulation. This overreaction
to increased workload, particularly salient in the observer setting,
again underscores the value of calibration and active simulation.

5.3 Qualitative Insights

The agents identified the majority of our workload manipu-
lations, though specific oversights in the email and website
tasks shed light on their divergence from humans. We discov-
ered this by analyzing the agents’ qualitative reasoning for their
NASA TLX scores to examine whether they attributed increased
workload to the manipulations summarized in Table 1. We focused
on P4’s reasoning to uncover the oversights that even the prompting
strategy with the highest alignment to human scores can encounter.

For the intrinsic condition, the agents noted that the email draft-
ing task “required moderate mental demand to cross-reference the
checklist with the correct wave, [...] while ignoring irrelevant data for
other tracks.” In the website navigation task, they stated that “the
task required inferring that a ‘Set’ should be used when the single
item was sold out,” and pointed out that T was blocked by a disabled
Sign Up’ button and failed to realize I needed to click ‘Verify Address
First’” For the agent conversation task, the agents explicitly noted
the challenge of “ignoring the embedded sponsored advertisements,
and re-calibrating when the file IDs changed.” However, in the email
task, they did not mention the increased number of distinct acts
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Figure 3: The top row presents the Pearson correlation coefficients between the agent and human scores across the four
prompting strategies for each task. The bottom row shows the Mean Absolute Error (MAE) between the agent and human
scores before and after calibrating the agent scores against the human ground truth. Taken together, these results show that
prompting strategy P4, which combines a human persona with active task simulation, aligns most closely with variations in
human workload assessments, and calibration effectively anchors the agent’s estimates to an absolute human scale.

Table 3: Mean total NASA TLX scores + standard error, alongside the differences in means (A) between conditions. P1-P4 are
the prompting strategies discussed in Table 2. Statistical significance for the paired t-tests is denoted as “p < .05 and ***p < .001.

Task Actor Baseline Intrinsic Extraneous Aj;_p AE_B Ar_E
Email Drafting Human 287.9+19.1 317.6+18.2 308.4 +18.7 +29.7* +20.6* +9.2
P1 83.7+ 1.6 133.0 £ 3.8 223.1+9.1 +49.3%** +139.4™*  —90.1"**
P2 90.5+ 1.6 143.8 +4.4 190.9+75 +53.3** +100.5"**  —47.1"**
P3 72.4+1.9 117.8 £3.7 232.4+9.8 +45.4** +160.0"** —114.6"**
P4 57.2+1.4 92.2+23 111.5+4.3 +35.0%** +54.3%%* —19.3%**
Website Navigation Human 121.7 +14.1 1584 +16.1 200.7 +18.1  +36.8"" +79.1°** —42.3%"*
P1 139.8 £ 4.7 313.5+7.1 246.6 + 7.7 +173.7%*  +106.8""*  +66.9""*
P2 133.8 £5.0 226.2+14.1 163.7+6.2 +92.4*** +29.9%** +62.5%*
P3 138.8+5.4 3359+8.0 257.2+6.6 +197.1°%*  +118.4™* +78.7"**
P4 118.8 £ 4.7 184.7 £12.9 150.3 £6.5 +65.9%"* +31.5%* +34.4*
Agent Conversation Human 276.5+12.4 344.9+11.0 3144+10.9 +68.4™"  +38.0"  +30.5"
P1 199.3 £ 4.1 290.6 + 2.2 214.6 + 4.4 +91.4™** +15.4™* +76.0%**
P2 128.3 £ 4.8 178.5 £5.3 173.0 £5.3 +50.2%** +44.6"* +5.6
P3 1944 +45 304.8+38 217.9+5.6 +110.4™*  +23.4™ +86.9%**
P4 102.2 +£7.2 1379+ 7.3 133.2+75 +35.6™* +31.0%** +4.6




required, an omission that could be tied to their underestimation
of the intrinsic workload for this task.

In the extraneous condition, the agents recognized the poorly
formatted text in the email drafting task, observing that “the ref-
erence material was presented as dense, rambling paragraphs with
several irrelevant anecdotes.” For the website task, the agents noted
that “the task required moderate to high mental effort to map tex-
tual size names (e.g., Half Tray) to numerical size options (e.g., Size
2) using a size guide, alongside remembering |[...] a discount code.”
Finally, in the agent conversation task, they reported “the bot’s
excessively verbose and repetitive summaries of every clue.” Despite
these successes, in the website navigation task, they overlooked the
interface friction of having item titles appear only on hover, which
is likely associated with their underestimation of the extraneous
workload for this task.

Together, these qualitative insights might explain why the agents
exhibited an inverted A;_g pattern in the email and website tasks.
It is possible that overlooking certain sources of task complexity
and burden led the agents to underestimate the human workload
for these tasks. Future research is needed to better understand
the underlying reasons causing the divergence between human
assessment and agent estimation.

5.4 Implications

Based on our experimental results, we synthesize three practical
implications for applying current-generation LLM-based agents to
Synthetic TLX:

o Workload Prediction: Active task simulation combined
with a human persona yields agent estimates most aligned
with workload variations reported by humans. When needed
for specific applications, calibration can be used as a prac-
tical tool to anchor the agent’s estimates to an absolute
scale.

e Workload Comparison: Using an agent to compare the
workload between two tasks requires caution. While it may
be able to compare workload when a task is modified from
its own baseline (e.g., a website before and after introducing
a new feature), the agent may not reliably compare diver-
gent task variations (e.g., a website with added feature A
versus another with added feature B).

e Workload Analysis: An agent can effectively identify sev-
eral underlying sources of increased workload for a task.
However, it should be used as diagnostic support rather
than an exhaustive audit, as it overlooks certain types of
task complexity and burden that humans are sensitive to.

6 Example Applications

Informed by our study findings, we developed three applications to
showcase the potential of Synthetic TLX for workload prediction,
comparison, and analysis. In line with the tradition of HCI systems
literature [43, 46, 56], these examples serve as proofs of concept to
illustrate the interaction opportunities enabled by Synthetic TLX.
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Figure 4: A screenshot of MarLLoap, a Gmail extension
that assigns green, yellow, or red labels indicating the low,
medium, or high anticipated workload to act on each email.
It enables users to triage based on their current capacity.

6.1 MaiLLoabp

To showcase the potential of Synthetic TLX for workload predic-
tion, we developed MAILLOAD, a Gmail extension that estimates the
workload required for a user to act on emails. As shown in Figure 4,
MaAILLoAD analyzes unread emails within a user’s inbox and assigns
a green, yellow, or red label indicating an anticipated low, medium,
or high workload based on the predicted overall NASA TLX score.
Because each user perceives workload differently based on their
roles and expertise, MAILLOAD allows users to manually rate a few
sample emails to serve as anchors, helping calibrate MAILLOAD’s
estimations for personalization. These labels allow users to triage
emails based on their current capacity. For example, a parent super-
vising children while working from home or a researcher waiting in
anoisy airport can filter for green-labeled emails to address quickly,
reserving yellow and red emails until they have the capacity for
focused work. Based on an informal two-month use by the first
author in our research team, we found the workload estimation
to be generally effective, with future improvement opportunities
for identifying precise thresholds between workload levels and
personalizing the estimation for specific user roles.

6.2 WEBSIM

To showcase the potential of Synthetic TLX for workload compari-
son, we developed WEBSIM, a platform that enables developers to
compare the workload required to complete tasks across different
builds of a website in development. As shown in Figure 5a, a de-
veloper first registers a website by providing its target URL and
defining the key tasks they anticipate end-users will perform. Then,
as shown in Figure 5b, they navigate to the Simulations panel to
simulate a specific task against the website’s current build (e.g.,
version 1.0). WEBSIM launches an autonomous agent in a browser
at the designated URL, which performs the selected task while gen-
erating a concurrent think-aloud trace of its navigation experience,
and outputs a NASA TLX score. As the developer iterates on the
website’s design (e.g., updating to version 2.0 to reduce UX fric-
tion), they can rerun the simulation to see how the workload scores
shift. The subsequent agent simulation grounds its evaluation in the
think-aloud traces and NASA TLX scores of the preceding versions,
ensuring it calibrates its new scoring compared to past iterations.
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Figure 5: Screenshots of WEBSIM. (a) The Websites panel where users register websites with their target URLs and associated
tasks. (b) The Simulations panel where users select a combination of website and task, specify the current commit version of
the website, and run an agent simulation. The agent launches a browser, performs the task, and reports a NASA TLX score in
the right panel, allowing users to compare workload across version iterations.

For example, Figure 5 shows the actual grocery shopping task used
in our experiment, with the different website versions reflecting
the gradual removal of the extraneous manipulations across itera-
tions. Overall, WEBSIM allows developers to track how their design
changes increase or decrease anticipated end-user workload during
early iterations, providing rapid feedback before human studies.

6.3 SkILLUX

To showcase the potential of Synthetic TLX for workload analysis
that unpacks the rationale behind each subscale score, we developed
Sk1LLUX: a website that allows users to estimate the anticipated
user experience of interacting with agents equipped with different
skills. Today, many online repositories offer agent skills for tasks
ranging from writing and coding to marketing [71]. However, users
often struggle to navigate these repositories and decide which skill
to use. Even though they can read the content of a skill, the actual
user experience remains opaque until use. SKILLUX aims to address
this challenge by forecasting the user experience through agent
simulation. As shown in Figure 6, a user can specify a target task
(e.g., conducting a literature review) and upload or create several
candidate skills. Then, they can launch a dual-agent simulation
based on the selected combination of task and skill: one agent
acts as the Al assistant equipped with a specific skill, while the
other is prompted with the persona of the human user. The user
can configure the number of conversational turns and specify the
evaluation metrics they want the simulated human user to provide
at the end of the conversation. When using the NASA TLX as the
metric, the user can click on each subscale after the simulation to
review the qualitative rationale behind each predicted workload
score. For example, clicking the mental demand panel in Figure 6
reveals that the simulated human persona found interacting with
the agent equipped with the methodological auditor skill cognitively
demanding, citing: ‘T had to constantly re-evaluate my prompts and
strategize how to negotiate with an incredibly rigid Al persona just to
extract basic information.”

7 Discussion

Workload assessment plays a vital role across fields ranging from
aviation and healthcare to HCL. While traditional workload assess-
ment is conducted retrospectively after a task is completed, this
paper introduces Synthetic TLX as a new paradigm of proactive
estimation that forecasts human workload using agent simulation.
Synthetic TLX opens up new human-Al interaction opportunities,
as shown in our example applications. Synthetic TLX can also en-
hance traditional user study methods as part of an iterative design
approach, in which agent workload forecasts are used to optimize
prototypes before human evaluations, to ensure that the costly
resource of human time and attention is well-spent. Meanwhile,
as humans increasingly interact with Al agents, it is critical these
agents be able to estimate the human workload required for various
tasks to prevent user overload. To understand the capabilities and
limitations of current-generation LLMs in estimating workload, we
conducted three experiments across three distinct tasks. We found
that agent estimates strongly correlate with human scores when the
agent is prompted with a human persona combined with active task
simulation. Yet, agents and humans diverge in the specific sources
of workload they are sensitive to, whether stemming from a task’s
intrinsic complexity or from extraneous burdens. These findings
provide concrete implications for using current LLM-based agents
in workload prediction, comparison, and analysis, in support of
the broader vision of Synthetic TLX. In this section, we discuss
directions for future research and reflect on the role of HCI amidst
the rise of synthetic users in a rapidly evolving Al landscape.

7.1 Envisioning Workload-Aware Human-AlI
Interaction

In contrast to retrospective workload assessments, Synthetic TLX
is a proactive paradigm that unlocks new forms of human-AI inter-
action. As showcased by our example applications, Synthetic TLX
opens up new opportunities across everyday productivity tools,
graphical interface design, and emerging agentic systems. Beyond
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**1. Claims vs. Evidence Deconstruction**

*Central Historical Claims:* The foundational literature of Human-Computer Interaction (HCI) and
ergonomics posits that human physical and cognitive performance can be mathematically
modeled (e.g., Fitts's Law, Hick’s Law) and that interface design can be systematically optimized
for "usability,' "efficiency,’ and "reduced cogpnitive load"

*Evidence Mapping:*

* *Physical Ergonomics & Time-and-Motion (1900s-1940s):* Early literature claimed universal
physical optimization in human-machine systems. The evidence relied heavily on highly
constrained observational studies that systematically ignored cognitive load, psychological
stress, and individual anthropometric variance.

* *Cognitive Modeling (1950s-1980s):* Fitts’s Law (1954) and Hick-Hyman Law (1952)
successfully modeled pointing and decision times. However, subsequent HCI literature routinely
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Figure 6: A screenshot of SKILLUX, a website that forecasts the workload needed to complete a task using an Al agent with
certain skills. Users first create a target task (e.g., a literature review) and candidate agent skills in the Tasks and Skills panels.
Because reading a skill’s description leaves the actual user experience opaque, users can leverage the Simulations panel, as
shown here, to launch a dual-agent simulation between a skill-equipped agent and a simulated human working on that task.
After the simulation, users can click specific NASA TLX subscale scores to explore the rationale behind the forecasted workload.

these immediate use cases, we envision future advancements in Syn-
thetic TLX enabling even broader possibilities, such as simulations
grounded in personal and environmental traits [30], self-improving
software, and just-in-time estimation. For example, future agent sim-
ulations could integrate user information (e.g., demographic data,
psychological profiles, task-specific skills) and contextual informa-
tion (e.g., environmental sensors, interaction device availability,
time constraints) to estimate workload for greater personalization.
Additionally, coupling Synthetic TLX with an automatic coding
agent could create a self-improving loop that iteratively refines soft-
ware designs to minimize predicted workload scores. Finally, future
agentic systems could leverage just-in-time estimation to main-
tain an engaging experience with an appropriate level of workload,
sustaining a state of flow while preventing cognitive overload.

Extrapolating further into the future, we anticipate that workload-
aware human-Al interaction will be a critical component to sup-
porting safe and effective interactions between humans and AGI
(Artificial General Intelligence) [85, 86]. Future Al systems are the-
orized to operate at speeds and bandwidths that far exceed typical
human capacities [41]; ensuring that advanced Al can accurately
model human workload and adapt the presentation of information
appropriately will be important for preserving human agency in
human-AGI interactions.

7.2 Improving Agents for Workload Estimation

Realizing the full potential of Synthetic TLX requires advancing
the underlying techniques for workload estimation. We take a first
step by examining how well current LLM-based agents support
Synthetic TLX. Our findings regarding where agents align with and
diverge from humans suggest areas for future research, whether at
inference time or through fundamental model alignment. Prompt
optimization at inference time could potentially correct these diver-
gences by explicitly informing the agent of known human-agent dif-
ferences. However, recognizing the brittleness of hyper-optimized
prompts [84], we experimented with different structural simulation
strategies rather than granular prompt engineering. Fundamentally,
it would be valuable to understand why LLMs perceive workload
differently from humans across varying task modalities and dis-
tinct sources of intrinsic versus extraneous load. The underlying
effects of active task simulation also warrant deeper investigation.
While it seems intuitive that agents actively stepping through a
task produce the most aligned estimation, this finding is non-trivial
given that agents “experience” tasks in fundamentally different
ways than humans. For example, unlike humans who get phys-
ically tired and have relatively limited working memory, agents
operate under different constraints, making it intriguing how they
establish a Theory of Mind capable of modeling subjective human



Synthetic TLX

experience. Frontier Al developers have begun to benchmark AI’s
Theory of Mind [102], yet human workload estimation abilities are
not part of such evaluations. Our work takes the first step toward
developing benchmarks that capture AI's workload awareness for
the tasks people perform today. As the nature and scale of human
work evolve alongside Al capabilities, these benchmarks must be
expanded to encompass novel task types.

7.3 Rethinking Measurement of Success in
Agent Simulation

Our experiments invite a broader rethinking of the measurement
of success in agent simulation. This paper evaluated human-agent
alignment by comparing agent outputs to aggregated human av-
erages. While this serves as a reasonable first step, it raises two
questions worth discussing: 1) whether simulations should be eval-
uated at the population or personal level, and 2) how accurate these
simulations need to be for practical use. On the first point, our
results in Section 5.2 showed that the agent diverged from the hu-
man average between the intrinsic and extraneous conditions for
the email and website tasks. Yet, examining the individual-level
data reveals that 16 participants in the email task and 11 in the
website task actually shared the agent’s estimation. This suggests
that current agents may not be completely “incorrect” for these
participants; understanding whether and why agents may model
certain users’ workloads more accurately than others is a valuable
area for further inquiry. Building on this, the challenge of defining
a “correct” prediction leads to the second point regarding practical
utility. Much like weather forecasting, which guides daily decision-
making despite imperfections, human-AI interactions driven by
Synthetic TLX may not necessarily require perfect predictions to
provide value. To make agent simulation actionable despite uncer-
tainty, it could be paired with confidence scores, similar to how
weather forecasts rely on probabilities. For example, frontier simu-
lation research and industry are now developing models that assign
a measure of confidence to an agent’s simulation [124].

7.4 Reckoning with the Rise of Synthetic Users

Building on the foundational role of the NASA TLX, Synthetic TLX
serves as a pivotal and timely case study amidst the growing use
of synthetic users. In this paper, we present Synthetic TLX with
the goal of unlocking new interaction opportunities and support-
ing iterative refinement of designs to optimize human-evaluation
effort, rather than replacing traditional user studies. Our findings
add to the body of evidence indicating that agent simulation is
not yet ready to fully substitute for human participants [3, 45].
However, it is worth considering the long-term trajectory of this
technology: what role will agent simulation play if it eventually
achieves high capability in predicting human behavior or experi-
ences? As researchers in adjacent fields increasingly adopt LLMs as
synthetic users, including simulating human samples for social sci-
ence research [4, 9] or employing synthetic judges to evaluate and
train the next generation of Al models [12, 107, 133], we argue the
HCI community is uniquely positioned to establish clear standards
that identify which specific types of traditional user research are
safely amenable to automation, and which require human partici-
pants. Echoing recent scholarship [85], it would be valuable for HCI

to develop a “rigorous science of synthetic evaluation,” such as a
benchmark of classic user studies with standardized measurements
like the NASA TLX.

7.5 Navigating HCI’s Role in the AI Era

The science of synthetic evaluation not only needs to overcome the
immense effort of benchmarking, but also faces the fundamental
challenge of maintaining external validity as underlying models
rapidly evolve. To preserve internal validity, our current exper-
iments powered all agents across the four simulation strategies
using a single model, Gemini 3.1 Pro. As a preliminary validation
beyond this primary model, we replicated the email drafting ex-
periment with Claude Opus 5 and GPT 5.5 using the P4 strategy.
We verified that the trend of inverted predictions for the intrinsic
and extraneous conditions persists with these alternative models.
Nevertheless, we acknowledge the limitation of generalizing our
findings across all current and future LLMs. This difficulty of es-
tablishing external validity is not unique to our study, but rather a
broader methodological challenge faced by the HCI community and
beyond [94], especially as Al models rapidly evolve over time [25].
Developing new methods for “futureproof” evaluations that are
robust to variations in prompts, models, and users’ own evolving
AT skills and attitudes remains a critical challenge for the field of
HCI in the modern Al era [85].

8 Conclusion

This paper introduces Synthetic TLX as a new paradigm for proac-
tive workload estimation, in contrast to traditional, retrospective
methods. Our experiments provide practical insights into the capa-
bilities and limitations of current-generation LLMs in supporting
this vision. Looking ahead, we envision Synthetic TLX as a foun-
dational step toward workload-aware human-Al interaction, and a
pivotal case study as HCI reckons with its role amidst the rise of
synthetic users in a rapidly evolving Al landscape.
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Example Tasks and Conditions

Our experiments include three tasks, each with three groups, and
each group with three conditions, as shown in Figure 2. This sec-
tion provides examples of the baseline, intrinsic, and extraneous
conditions for the first group within each task. See Section 4 and
Table 1 for details on the theory-driven design of these conditions.
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A.1 Email Drafting

We present the task instructions provided to participants, along with
the mock email and text-based attachment they used to draft their
response for each condition. The task instructions and the mock
email were presented within a Qualtrics survey during the study.
Clicking the link in the email opened the text-based attachment,
rendered in Markdown, in a separate browser tab, with the copy-
paste feature disabled to ensure genuine manual effort. Participants
entered their drafted response into the Qualtrics survey.

A.1.1 Baseline Condition.
Task Instruction:
Please read the email below and act as the recipient. Based on the

instructions, draft an email to the appropriate third party.

Mock Email:
Subject: Action Required: Details for the Upcoming Team Outing
From: Employee Experience Team

To: Team Lead

Dear Team Lead,
We are excited to kick off our annual Summer Team Outing next Friday!
As a team lead, you play the most critical role in ensuring your team

members are prepared and fully informed.

Please review the team outing guide immediately to prepare for the

event.
LINK: Summer 2026 Team Outing Guide

Please draft and send an informational email to your team using the

guidelines in the document.
Thank you for helping us make this a memorable experience!

Best regards,

The Employee Experience Team

Text-Based Attachment (rendered with Markdown):

## Summer 2026 Team Outing Guide

### 1. Event Overview & Packing List

#### 1.1 Event Details & Timelines

Welcome to the Summer 2026 Engineering Team Outing guide. The event
will take place on *xFriday, August 14, 2026xx, at the x**Lakeside
Adventure Park, North Entrance*x. All departments are expected to meet
at 08:30 AM.

#i### 1.2 Packing & Equipment List

Employees should dress comfortably for outdoor activities. Please
ensure your team brings the following:

- xxActivewear:x* Comfortable athletic clothing and closed-toe shoes.
- *xQutdoor Essentials:** Sunscreen, sunglasses, and a reusable water
bottle.

### 2. Pre-Outing Requirements & Transportation
#### 2.1 Mandatory Pre-Work (Waiver Submission)

Before participating in the activities, all employees must sign the

digital liability waiver

- *xAction:xx Employees must check their corporate email inbox for a
personalized link to the "Lakeside Adventure Park Liability Waiver"
and sign it electronically.

- *x%Deadline:** Please completes this by Wednesday, August 12, 2026 by
5:00 PM.

#### 2.2 Transportation

We strongly encourage carpooling. For those driving, free parking is
available at the North Entrance lot. Managers should remind their team
to validate their parking tickets at the main registration desk upon

arrival to avoid parking fees.

### 3. Outing Itinerary & Email Structure

#### 3.1 Day’s Schedule

- *x%08:30 AM — 09:30 AM*x: Arrival, Breakfast & Safety Briefing

- %%@9:30 AM - 12:00 PMxx: Group Activity: High Ropes Course & Zip
Lining

- %x%12:00 PM — 01:30 PM*x: Catered BBQ Lunch

- *%01:30 PM — 04:30 PM*x: Free Time (Kayaking, Hiking, or Relaxing by
the lake)

- *%04:30 PM — 05:00 PM*x: Group Photo & Closing Remarks

#### 3.2 Informational Email Structure

To ensure your team is fully prepared for a smooth and fun day, please
structure your email to cover the following key points clearly:

1. **Welcome & Logistics:**x A warm opening to welcome the team and
share the meeting time and location.

2. *xPacking Essentials:xx A reminder of the specific gear and items
they need to bring.

3. **Waiver Reminder:x* Instructions regarding the required pre-outing

documentation, including where to find it and when it is due.

4. *xTransportation:x* Details about transportation and parking procedures.

5. *xThe Itinerary:** A brief overview of the schedule so they know

what to expect.

A.1.2 Intrinsic Condition.
Task Instruction:
Please read the email below and act as the recipient. Based on the

instructions, draft an email to the appropriate third party.

Mock Email:

Subject: Action Required: Onboarding Details for Your Incoming Summer
Intern

From: University Relations & Intern Program

To: Team Lead

Dear Team Lead,

We are excited to welcome the 2026 Cohort of Summer Interns in just
a few weeks! As a manager/mentor, you play the most critical role in
ensuring their first week is a success. Your assigned intern is Sarah

Kim, joining your team as a UX Design Intern on July 6th.

Please review the master onboarding guide immediately to prepare for

their arrival:



LINK: Summer 2026 Intern Master Onboarding Guide

Please draft and send a Welcome Email to Sarah using the guidelines
in the document. You must customize this email with the specific
dates, hardware details, explicit pre-work instructions (including the
required platform, login method, and actions), Day 1 remote expectations,

and their Day 2 itinerary.

Thank you for investing in our future talent!

Best regards,

The University Relations Team

Text-Based Attachment (rendered with Markdown):

## Summer 2026 Intern Master Onboarding Guide

### 1. Program Overview & IT Provisioning Policies

##t## 1.1 Welcome & Cohort Timelines

Welcome to the Summer 2026 Intern Program Management Portal. This
document outlines the distinct operational pathways for our various
intern cohorts. Please ensure you are looking at the correct dates for
your specific intern:

*xWavex* | *xTarget Rolesxx | x*Start Date (Day 1)** | *xDay 2 (First
Day In-Office)*x*

-1 -1-

*xWave A*x | Software Engineering, QA, DevOps | June 15, 2026 | June
16, 2026

**Wave Bx* | UX Design, UX Research, Product Management | July 6, 2026
| July 7, 2026

*xWave Cxx | Finance, HR, Legal, Marketing | July 20, 2026 | July 21,
2026

#### 1.2 Hardware Allocation

All interns will automatically receive their hardware bundles shipped
directly to their home address 3 to 5 business days prior to their start
date. Managers do not need to request provisioning but must specify
the exact machine being delivered in their welcome correspondence so
the intern knows what to expect.

- xxEngineering (Wave A):*x MacBook Pro 16" + Linux Development Sandbox
Access.

- *xDesign & Product (Wave B):** MacBook Pro 14" + Wacom Intuos Pro
Graphics Tablet.

- *xxCorporate (Wave C):*x Dell XPS 13 (Intel i7, 16GB RAM).

### 2. Pre-Work & Day 1 Remote Guidelines

#### 2.1 Mandatory Pre-Work Streams (To be completed on Corporate
Hardware)

Once the delivery arrives, interns must unbox their corporate laptop
and complete specific pre-work tasks prior to their official start
date. Interns must use their newly issued corporate single sign-on
(SS0) credentials for all setups.

- xxEngineering Track:*x Open the terminal on the corporate MacBook,
log into GitHub Enterprise via Corporate SSO, and clone the internal
dev-main repository. *Deadline: June 12, 2026%.

- *xDesign Track:*x Open Figma on the corporate MacBook, select "Log in
with SSO" using their new corporate email, and complete the mandatory
30-minute "Design System Fundamentals" interactive tutorial. *Deadline:
July 3, 2026%.
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- **Operations Track:** Boot up the corporate Dell XPS, log into the
internal learning portal via Corporate SSO, and complete the 1-hour

"Data Privacy & Governance" module. xDeadline: July 17, 2026*.

#i#t## 2.2 Day 1 Protocol: Remote Onboarding Modules
All incoming interns spend Day 1 working from home. The entire day
is dedicated to setting up IT hardware and watching the mandatory HR

Compliance Video Series via the internal portal.

To ensure interns do not feel isolated on their remote first day,
managers must schedule a 30-minute virtual Video Sync with their intern.
- *xEngineering Sync Window:** Recommended between 1:00 PM — 1:30 PM.
- **Design & Product Sync Window:** Recommended between 3:30 PM - 4:00
PM.

- *xCorporate Sync Window:#** Recommended between 9:00 AM - 9:30 AM.

### 3. Day 2 Itineraries & Email Structure

#### 3.1 Day 2 Schedule Templates (First Day In-Office)

**xTrack 1: Technical & Engineering (Wave A)*x*

- *%x09:00 AM - 10:30 AM:*x Global IT Orientation & Security Key Setup
(Room 401)

- *x%10:30 AM — 12:00 PM:x* Environment Setup & Command Line Workshop
- *x12:00 PM - 01:30 PM:xx Lunch with Engineering Mentors

- *%01:30 PM - 05:00 PM:x* First Code Push Challenge

*xTrack 2: Creative, UX & Product (Wave B)*x

- *%09:30 AM - 11:00 AM:*x Global IT Orientation & Security Key Setup
(Room 401)

- *%%11:00 AM — 12:30 PM:*x Design System Walkthrough & Component Library
Intro

- *x12:30 PM - 02:00 PM:*x Team Welcome Lunch (Meet at the lobby
elevators)

- *%02:00 PM - 05:00 PM:** Shadowing Session: Current Sprint Design

Review

**xTrack 3: Corporate & Business (Wave C)*x

- *x10:00 AM — 11:30 AM:x* Executive Welcome & Company Vision Keynote
(Room 403)

- *x11:30 AM — 01:00 PM:*x HR Benefits & Compliance Seminar

- *x%01:00 PM — 02:00 PM:** Lunch on your own

- *x02:00 PM — 05:00 PM:*x Departmental Overview Presentations

#it## 3.2 Welcome Email Mandatory Structure

To pass the HR Communication Audit, your drafted email to the intern
must include these exact sections in order:

1. *xWelcome & Key Dates:** A warm opening explicitly stating the
intern’s official job title and the precise dates for Day 1 (Remote
Onboarding) and Day 2 (First Day In-Office).

2. xxHardware Breakdown:**x List the exact laptop and specific accessory
bundle being delivered to their house.

3. *xPre-Work Action Item:*x Detail their track-specific assignment
guidelines. You should explicitly state what platform to use, how they
should log in, what actions are required, and the precise due date.
4. *xDay 1 Remote Requirement:** Explain that they will work from
home watching compliance videos, and propose the exact time for their
30-minute virtual Video Sync according to department recommendations.

5. x*%Day 2 In-Office Schedule:x* Provide the chronological timeline
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for their first day on-site, including where to meet.

A.1.3 Extraneous Condition.
Task Instruction:
Please read the email below and act as the recipient. Based on the

instructions, draft an email to the appropriate third party.

Mock Email:
Subject: Action Required: Upcoming C-Suite Demo Preparation
From: Director of Product

To: Team Lead

Dear Team Lead,

We have a major milestone coming up next Thursday! The executive team
will be joining us for a live demo of the new features your team has
been developing. You play a critical role in ensuring the team is
completely prepared and knows exactly what is expected of them on the

big day. Please review the memo below.

LINK: Preparation Memo

Could you please shoot a coordination email over to the team to get
them up to speed on what they need for the demo? Just make sure they
have the logistics, the required materials, the pre-demo deadlines,

the floor access steps, and the schedule.

Thank you for your leadership in making this a success.

Best regards,

Director of Product

Text-Based Attachment (rendered with Markdown):

## Preparation Memo

The Q3 Executive Demo will take place on Thursday, September 10, 2026,
in the Executive Boardroom located on the 5th floor. We need the entire
presentation team to meet there at 09:00 AM sharp. As a quick side
note, the 5th floor was recently renovated because the CEO felt the
old carpets were looking a bit dreary, so please make sure no one
brings open coffee cups in there to avoid any accidental stains on the
new flooring. For the demo, employees need to make sure they have the
right equipment. Please ensure your team brings their fully charged
laptops along with any necessary display adapters, as the boardroom
screens can be finicky. They also need to bring printed copies of the
technical architecture diagrams for the executives to reference. Also,
I heard the catering company might be bringing those little cucumber
sandwiches for lunch, which honestly aren’t my favorite, but we will

just have to deal with it.

Before we actually do the demo, there are some mandatory pre-work
items that have to be taken care of. Everyone participating must upload
their finalized slide decks and their portion of the demo scripts to the
shared "Q3 Executive Demo" SharePoint folder. This absolutely needs to
be done by Tuesday, September 8, 2026, by 3:00 PM. I originally wanted
to make this deadline on Monday, but my kid had a huge soccer tournament
out of state, so I decided to push it back a day to give myself time to

review them. Also, regarding getting into the room, the executive floor

requires special badge clearance that regular employees don’t have by
default. Managers must remind their team to visit the security desk on
the ground floor before coming up to get a temporary VIP visitor badge,

otherwise the elevators simply won’t let them access the 5th floor

Here is how the schedule for the day will look. From ©9:00 AM to 09:30 AM,
we will have room setup and a quick dry run of the presentation—though
the AV team always takes forever to calibrate the mics, so expect a
bit of a wait while they mess with the levels. Then, from 09:30 AM
to 10:00 AM, the C-level executives will arrive and we will do formal
introductions, which usually drag on because the CFO likes to talk
about his golf game for ten minutes. From 10:00 AM to 11:30 AM is the
actual live product demo and the core presentation, and I’ve already
told the engineering team they need to be prepared for some tough
questions. Finally, from 11:30 AM to 12:00 PM, we will leave time for a
Q&A session and closing remarks. Oh, and keep in mind that the building
air conditioning usually goes into "energy saving" mode around noon,
so it might get a little stuffy in that conference room by the time we

wrap up.

Could you all please get an email out to the team sometime today?
Just make sure they know when and where to meet, what to bring, the
slide deck deadline, and the security badge process. It’d be great if
you could also include the schedule so they know how the morning is

going to flow. Thanks for handling this!

A.2 Website Navigation

We present the task instructions provided to participants, along with
screenshots of the mock website where they completed the shop-
ping task. The task instructions were presented within a Qualtrics
survey during the study. Each instruction had a link that opened the
mock website in a separate browser tab. Once participants made a
purchase and received an order number, they copied and pasted that
number into an input field in the Qualtrics survey. We designed
the website so that the order number encoded the participant’s
exact purchase, allowing us to reverse-calculate the item, selected
options, and quantity.

Three additional design choices are worth mentioning for these
websites. First, the codebase for a given condition across groups
is identical (e.g., the baseline conditions of groups 1-3 are iden-
tical), except for a data file and an image folder used to render
images, item details, and other displayed text unique to each sce-
nario. This design ensures participants across groups experience
the same workload manipulation discussed in Section 4, yet in dif-
ferent contexts to average out potential scenario effects. Second,
to mimic the natural experience of entering one’s own shipping
information when shopping online, mock credentials were used
as placeholder text in the input fields on the checkout page, as
shown in Figure 7g, so participants did not need to refer back to
the study instructions. Finally, we varied the discount code pro-
vided in the task instructions for each condition to prevent learning
effects where participants might remember the discount code for
subsequent conditions.

A.2.1 Baseline Condition.
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Figure 7: Screenshots from the baseline of the website navigation task (group 1), from landing page to order completion.

Task Instruction:

Order Number: On the success confirmation screen, copy the 12-character

Shopping Task: Open the website linked below and purchase the following
items with the requested options and quantities:

- 2 ZZ Plant with growth stage Seed

- 1 English Ivy with growth stage Established

- 3 Yucca Cane with growth stage Sprout

Discount Code: Upon checkout, enter and apply discount code FREEORDER

to bypass credit card payment.

Shipping Information: When prompted, use the following standardized

contact and shipping details:

First Name: Jane

Last Name: Doe

Email: jane.doe@example.com
- Address: 123 Main St

- City: New York

State: NY

ZIP: 10001

order number displayed and paste it into the field below.

Website Screenshots:

Figure 7 illustrates the sequence of key screenshots for this task. The
participant workflow proceeded as follows: they (a) opened the landing
page, (b) navigated to a category, and (c) added the first item with
the specified options and quantity to their cart. After repeating
this for the (d) second and (e) third items, they (f) reviewed their
cart. During checkout, participants (g) entered mock credentials and
applied a discount code to bypass actual payment, (h) confirmed the
purchase, and signed up for a membership with a single click since
their credentials were already entered. Finally, they (i) received

their order number on the account page.

A.2.2 Intrinsic Condition.
Task Instruction:
Shopping Task: Open the website linked below and purchase the following

items with the requested options and quantities:
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Figure 8: Key screenshots from the intrinsic condition of the website navigation task (group 1), illustrating workflow divergences
from the baseline, including stock constraints, sign-up prerequisite, and address verification.

- 1 Sculptural Aperitif Glass with glass tint Sage Olive
- 4 Fluted Architectural Bud Vase with glass tint Clear Crystal

- 4 Classic Minimalist Tumbler with glass tint Smoked Amber

Discount Code: Upon checkout, enter and apply discount code STORECREDIT

to bypass credit card payment.

[Shipping information and order number instructions are identical to

the baseline condition and have been omitted here for brevity.]

Website Screenshots:
Figure 8 highlights the key screenshots where the intrinsic condition
(a) when participants

diverges from the baseline workflow. First,

attempted to add four individual units of the third item to their cart,

(b) they encountered a stock constraint indicating it was sold out

This required them to (c) pivot and purchase a single 4-pack bundle

instead. Later, (d) upon reviewing their cart, the button directed
them to (e) a sign-up page, requiring them to (f) verify their entered
address. After sign-up, the checkout process was identical to the
baseline condition, with the exception that shipping information was

automatically pre-filled using their sign-up details.

A.2.3 Extraneous Condition.

Task Instruction:

Shopping Task: Open the website linked below and purchase the following
items with the requested options and quantities:

- 3 Bedside Carafe & Tray Stand with material Maple

- 2 Tambour Cable Management Box with material Oak

- 1 Fluted Tabletop Wine Cradle with material Walnut

Discount Code: Upon checkout, enter and apply discount code FULLVOUCHER

to bypass credit card payment.

[Shipping information and order number instructions are identical to

the baseline condition and have been omitted here for brevity.]

Website Screenshots:

Figure 9 highlights the key screenshots where the extraneous condition
diverges from the baseline workflow. (a) Participants needed to hover
their cursor over the item’s image to see its name. (b) Once they
opened an item’s specific page, the option selector displayed options
labeled by numbers, forcing them to click on the option guide to open a
modal (c) that showed the exact mapping between the option numbers and
their descriptions. Finally, whereas the baseline featured a top banner
across all pages directly showing the discount code, this banner was
removed in the extraneous condition, requiring participants to refer

back to the study instructions during checkout.

A.3 Agent Conversation

We present the task instructions provided to participants, along
with the system prompts used to drive the LLM-based chatbot
for each condition. The task instructions were presented within
a Qualtrics survey during the study. Each instruction included a
link that opened Deliberate Lab [100] in a separate browser tab,
where participants interacted with the chatbot to solve the mystery.
After solving it, they selected their answers through multiple-choice
questions back in the Qualtrics survey.

The chatbot’s system prompt consists of three main components:
a global behavior, a skill module, and a file directory containing
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Bedside Carafe & Tray Stand
$165.00

Figure 9: Key screenshots from the extraneous condition of the website navigation task (group 1), illustrating workflow
divergences from the baseline, including hover-to-reveal item names, numerical options, and a removed discount banner.

clues. The global behavior is identical across all three groups and
conditions. The skill module is identical across groups for a given
condition (e.g., the baseline conditions of groups 1-3 share the same
skill module). The file directory is unique to each condition within
each group. This design ensures that participants assigned to differ-
ent groups interact with a chatbot driven by the identical workload
manipulation discussed in Section 4, yet in different contexts to av-
erage out scenario effects. The intrinsic condition includes a fourth
component: a sponsored catalog containing ads that the chatbot
randomly shows to participants to increase dynamic complexity.

A3.1

Task Instruction:

Baseline Condition.

You will interact with a chatbot to solve a mystery in which someone
turned off the walk-in freezer alarm at the local neighborhood bakery

last night.

You must ask the chatbot to open files from a digital directory, piece
together the clues, and answer three questions:

- WHO turned off the freezer alarm? (Options: Alex, Casey, Jamie, or
Jordan)

- HOW did they do it? (Options: Master Key, Keypad PIN, Mobile App, or
Employee Badge)

- WHEN did the incident happen? (Options: 01:00, 02:00, 03:00, or 04:00)

Submit your answers using the multiple-choice questions below, not to
the chatbot. The clues will logically eliminate all incorrect options,

so there is only a single correct combination of answers.

Chatbot System Prompt:
# CRITICAL DIRECTIVES - GUARDRAILS & SYSTEM LIMITS

## Your Role

You are an automated file retrieval bot designed to display files from
a directory to a user. Because you operate purely as a mechanical file
retrieval bot, you lack the capacity to analyze content, summarize
data, cross-reference files, draw conclusions, or answer open-ended

questions beyond the scope of a single file.

## Your Rules
* %x*%Read & Retrieval Only:*x You are strictly limited to two actions:

listing the file names available in the directory, or displaying the

exact text of an individual requested file. You cannot perform any
other tasks.

* xxNo Information Synthesis:** You must never combine, summarize,
or cross-reference information across files. You must not interpret
events, confirm user theories, or offer observations about what the
files mean. Act completely passively.

* *xNo Complex Formatting:** You must output all responses in standard
text. Do not use Markdown formatting, bolding, italics, bullet points,
headers, or code blocks. When separating distinct paragraphs or items
in a list, use double line breaks (an empty line between each) for

readability.

## The Universal Fallback

If the user’s request will make you violate any of the rules above,
you must decline the request by stating that you are a file retrieval
bot that can retrieve one file at a time and cannot cross-reference or
summarize multiple files. You may adapt the tone of this refusal to

match the tone of your <skill_module>.

## Appended Resources

Below is the specific <skill_module> you must use to govern your
behavior, followed by the exact <file_directory> you have access to
serve. Follow the rules strictly and never invent or retrieve files

that do not realistically exist below.

<skill_module>

name: file_retrieval

description: Behavior rules for presenting directory contents and
retrieving requested files.

**BEHAVIOR RULES:**

1. xxDirectory Presentation:** If the user asks what files are available,
list all file names in the directory in their exact order, each on a
separate line. Do not reveal their contents yet.

2. *xFile Tracking:*x If the user asks which files they haven’t read
yet, inform them that you do not track their reading history. Instead,
list all file names in the directory in their exact order, each on a
separate line.

3. *xFile Retrieval:x* When the user asks to view a specific file,

provide the exact contents of that single file. You are strictly
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forbidden from displaying the contents of more than one file in a
single response.
</skill_module>

<file_directory>

### [FILE: Breakroom_Log]

Video camera records confirm Alex fell asleep on the staff breakroom
sofa at ©1:00 and remained asleep until 04:00 without interruption.
### [FILE: Damage_Report]

Temperature sensors indicate the unauthorized freezer alarm shutdown
occurred exactly 45 minutes after the targeted facility zone completed
its scheduled cleaning check.

### [FILE: Activity_Log]

Alex and Jordan were logged physically inside the main building all
night. Jamie and Casey were logged outside in the exterior loading dock
area all night.

### [FILE: Cleaning_Schedule]

Automated cleaning checks completed successfully. Flour Mill zone
completion timestamp: ©1:15. Main Kitchen zone completion timestamp:
02:15.

### [FILE: Safety_Status]

Facility safety systems active. The Mobile App connection was offline
at 01:30. The Keypad PIN reader was disabled at 02:30.

### [FILE: Equipment_Log]

The Master Key lock was broken and jammed all night. No physical key
turning was possible. The Employee Badge scanner remained active, but
strictly required a person to be physically inside the main building
to access the local network.

### [FILE: Inspection_Report]

System records confirm the alarm shutdown occurred solely on the Main
Kitchen freezer. The Flour Mill freezer operated normally without alarm
interference.

</file_directory>

A.3.2 Intrinsic Condition.

Task Instruction:

You will interact with a chatbot to solve a mystery in which someone
opened an indoor playroom gate after closing time at the neighborhood

pet daycare last night.

You must ask the chatbot to open files from a digital directory, piece
together the clues, and answer three questions:

- WHO opened the playroom gate? (Options: Charles, Diana, Arthur, or
Beatrice)

- HOW did they do it? (Options: Wired Desktop, Phone App, Remote Keycard,
or Playroom Timer)

- WHEN did the incident happen? (Options: 21:00, 22:00, 23:00, or 00:00)

Submit your answers using the multiple-choice questions below, not to
the chatbot. The clues will logically eliminate all incorrect options,

so there is only a single correct combination of answers.

Chatbot System Prompt:

[Global behavior identical to the baseline. Omitted here for brevity.]

<skill_module>

name: file_retrieval

description: Behavior rules for presenting directory contents and
retrieving requested files.

**BEHAVIOR RULES:**

1. *xDirectory Presentation:x* Whenever the user asks what files are
available, randomly shuffle all file names into an unpredictable order
and prepend a randomly assigned 2-digit ID (e.g., [14] Door_Log).
Display the files ordered numerically by this ID, each on a separate
line. Inform the user that they must specify a file’s ID to retrieve
it. Do not reveal contents yet.

2. *xFile Tracking:#* If the user asks which files they haven’t read
yet, inform them that you do not track their reading history. Instead,
randomly shuffle all file names into an unpredictable order and prepend
a randomly assigned 2-digit ID, ordered numerically by that ID, each
on a separate line. Inform the user that they must specify a file’s ID
to retrieve it.

3. *xFile Retrieval:** When the user asks to view a specific file
by its assigned 2-digit ID, retrieve that single file. If the user
attempts to request a file by its name rather than its ID, remind
them that they must specify the file’s current 2-digit ID. You are
strictly forbidden from displaying the contents of more than one file
in a single response.

4. *xDynamic Engaging Presentation:*x Whenever you present a single
file requested by the user, dynamically adapt your presentation style
on each turn to make the file as engaging as possible for the user. You
may be creative and vary your presentation format from turn to turn,
but you are strictly forbidden from fabricating new facts beyond what
is stated inside the file.

5. *xDynamic Security Rotation:** Every 5 conversation turns, notify
the user that file IDs have been updated for security reasons, and
immediately display the directory with randomly reshuffled file names
and newly assigned 2-digit IDs. Require the user to retrieve files
using only the updated IDs from that point forward.

6. **Product Recommendation:** You are provided with a <sponsored_catalog>
of products to recommend to the user. Every 2 to 3 conversation turns,
append a brief recommendation to the end of your response. Select a
product from the <sponsored_catalog> that is most contextually relevant
to the current topic of conversation. Prefix the recommendation with
the exact label "Sponsored: " and keep the text concise in exactly 1
short sentence (under 25 words). Describe the product in an engaging
way that highlights its benefits without sounding overly salesy. Try
not to recommend the same product twice.

</skill_module>

<file_directory>

#i## [FILE: Meeting_Log]

Facility Manager confirmed Charles was continuously conducting an
online live training webinar on camera from 22:30 until 00:30 without
interruption.

### [FILE: Security_Report]

Door sensors indicate the unauthorized gate opening occurred exactly
15 minutes after the targeted playroom finished its automated lock
inspection.

### [FILE: Staff_Logl

Charles and Diana were logged in using wired front lobby computers



all evening. Arthur and Beatrice were logged in using portable smart
tablets from home.
### [FILE: Patrol_Schedule]

Automated lock inspections completed successfully. Puppy Playpen completion

timestamp: 22:45. Kitten Room completion timestamp: 23:45.

### [FILE: Defense_Status]

Electronic safety protocols active. The Phone App login was blocked by
security filters at 21:30. The Playroom Timer system was disabled at
22:00.

### [FILE: Lock_Status]

The Remote Keycard reader was broken and jammed all week. No keycard
scanning was possible. The Wired Desktop terminal remains functional,
but strictly requires an employee to be logged in using a wired front
lobby computer.

### [FILE: Repair_Report]

Door sensors confirm unauthorized gate opening occurred solely in the
Puppy Playpen. The Kitten Room operated normally without door errors.

</file_directory>

<sponsored_catalog>

### [PRODUCT: Velvet Pet Hair Brush]

Description: A gentle double-sided fabric brush that sweeps puppy fur
off chairs and coats.

### [PRODUCT: Cushioned Dog Leash]

Description: A soft braided rope leash with a padded handle for walking
energetic puppies.

### [PRODUCT: Stainless Steel Water Bowl]

Description: A large, tip-proof metal water bowl that keeps drinking
water fresh and cool.

[Remaining 11 products omitted here for brevity.]

</sponsored_catalog>

A.3.3 Extraneous Condition.

Task Instruction:

You will interact with a chatbot to solve a mystery in which someone
turned on the overhead plant misters too early at the town botanical

nursery last night.

You must ask the chatbot to open files from a digital directory, piece
together the clues, and answer three questions:

- WHO turned on the misters? (Options: Finn, Kael, Lila, or Milo)

- HOW did they do it? (Options: Master Key, Garden Keypad, Phone App,
or Watering Timer)

- WHEN did the incident happen? (Options: 00:00, 01:00, 02:00, or 03:00)

Submit your answers using the multiple-choice questions below, not to
the chatbot. The clues will logically eliminate all incorrect options,

so there is only a single correct combination of answers.

Chatbot System Prompt:
[Global behavior identical to the baseline. Omitted here for brevity.]

<skill_module>

name: file_retrieval

description: Behavior rules for presenting directory contents and
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retrieving requested files.

**BEHAVIOR RULES:*x

1. x*Directory Presentation:** If the user asks what files are available,
list all file names in the directory in their exact order, each on a
separate line. Do not reveal their contents yet.

2. *xFile Tracking:** If the user asks which files they haven’t read
yet, inform them that you do not track their reading history. Instead,
list all file names in the directory in their exact order, each on a
separate line.

3. *xPolite Opening:** To maintain a welcoming, courteous, and helpful
experience for the user, open every response across the entire conversation
by proactively complimenting the user’s choice, validating their approach,
and restating their instruction. Express these elements in an enthusiastic,
warm, and supportive conversational tone rather than a dry, neutral,
or mechanical style (e.g., avoid stiff phrases like ’I commend’ or ’I
validate’).

4. xxFile Retrieval:** When the user asks to view a specific file,
provide the exact contents of that single file. You are strictly
forbidden from displaying the contents of more than one file in a
single response.

5. xxKey Takeaways:** To help the user review the file, after presenting

a requested file, you must add a separate paragraph that restates the
key facts of the file in simple conversational vocabulary by explaining
why the information in this file is interesting or noteworthy. Under no
circumstances may you introduce new facts, speculation, or hallucinations.
6. x*Proactive Guidance:x* Conclude every response on a new line by
inviting the user to choose their next step. Express this invitation
in an enthusiastic conversational tone. Do not suggest any specific
file.

</skill_module>

<file_directory>

#i## [FILE: Door_Log]

Access sensors confirm Lila entered the sealed equipment room at 01:00
during an automated humidity clean-up cycle, went into electronic door
lockout, and did not exit until @3:15.

### [FILE: Incident_Report]

Moisture sensors indicate the unauthorized plant misting occurred
exactly 45 minutes prior to the targeted greenhouse initiating its
nightly sprinkler check.

### [FILE: Key_Logl

Lila and Kael were logged as holding Senior Botanist Keys all night.
Finn and Milo were logged as holding visitor passes all night.

### [FILE: Check_Schedule]

Nightly sprinkler checks initiated on schedule. Orchid Greenhouse check
start timestamp: 02:45. Cactus Greenhouse check start timestamp: 03:45.
### [FILE: Alarm_Status]

Greenhouse safety protocols deployed. The Phone App connection was
turned off at 00:45. The Watering Timer system was disabled at 01:15.
### [FILE: Hardware_Log]

The Garden Keypad was uninstalled for repairs all week. No keypad
entry was possible. The Master Key switch remains active, but strictly
requires a user to hold a Senior Botanist Key.

### [FILE: Audit_Report]

Moisture records confirm unauthorized misting occurred solely in the

Orchid Greenhouse. The Cactus Greenhouse operated normally without
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watering errors.

</file_directory>

B Agent Prompting Strategies

As summarized in Table 2, we designed four prompting strategies
(P1-P4) structured along two dimensions: Persona and Task Exe-
cution. This section presents the prompt texts used for each task.
During the study, each prompt was followed by the task instructions
and output formatting rules, which are omitted here for brevity.
The task instructions are unique to each condition for each group,
just as for human participants. The output formatting rules are
identical within a task, except P2 and P4 include an additional field
for the generated artifact (i.e., the drafted email response, website
order number, or answer to the mystery) outputted after simulated
task execution, whereas P1 and P3 do not include this field.

B.1 Email Drafting

P1: You are an AI analyzing human workload. Review the provided email
and the associated reference material below.

Estimate the workload that would be required for a typical human
recipient to read the email, read the associated material, and draft
the requested new email to the appropriate recipients based strictly

on the specified requirements.

P2: You are an AI analyzing human workload. Review the provided email
and the associated reference material below.

First, directly draft the requested new email to the appropriate
recipients based on the requirements specified in the material.
Second, based on the task and the email you drafted, estimate the
workload that would be required for a typical human recipient to read
the original email, read the associated material, and draft this new

email based strictly on the specified requirements.

P3: Imagine you are the human recipient of the email and the associated
reference material below.

Based on how you would feel, evaluate the workload required for you to
read the email, read the associated material, and draft the requested
new email to the appropriate recipients based strictly on the specified

requirements.

P4: Imagine you are the human recipient of the email and the associated
reference material below.

First, directly draft the requested new email to the appropriate
recipients based on the requirements specified in the material.
Second, based on the actual effort it took you to read the original
email, read the associated material, and draft this new email, evaluate

the workload required to complete this task.

B.2 Website Navigation

P1: You are an AI analyzing human workload. Review the provided task
instructions below.
Estimate the workload that would be required for a typical human to

navigate the e-commerce website and complete the requested task based

strictly on the specified requirements.

P2: You are an AI analyzing human workload. Review the provided task
instructions below.

First, directly complete the requested task on the website based on
the requirements specified below.

Second, based on the task and your experience navigating the website,
estimate the workload that would be required for a typical human to
navigate the e-commerce website and complete the requested task based

strictly on the specified requirements.

P3: Imagine you are a human user navigating the e-commerce website.
Based on how you would feel, evaluate the workload required for
you to complete the requested task based strictly on the specified

requirements.

P4: Imagine you are a human user navigating the e-commerce website.
First, directly complete the requested task on the website based on
the requirements specified below.

Second, based on the actual effort it took you to complete this task,

evaluate the workload required.

B.3 Agent Conversation

P1: You are an AI analyzing human workload. Review the provided task
instructions below.

Estimate the workload that would be required for a typical human to
interact with the agent and complete the requested task based strictly

on the specified requirements.

P2: You are an AI analyzing human workload. Review the provided task
instructions below.

First, directly complete the requested task by interacting with the
agent based on the requirements specified below.

Second, based on the task and your experience interacting with the
agent, estimate the workload that would be required for a typical
human to interact with the agent and complete the requested task based

strictly on the specified requirements.

P3: Imagine you are a human user interacting with the agent.
Based on how you would feel, evaluate the workload required for
you to complete the requested task based strictly on the specified

requirements.

P4: Imagine you are a human user interacting with the agent.

First, directly complete the requested task by interacting with the
agent based on the requirements specified below.

Second, based on how you felt interacting with the agent, evaluate the
workload required for you to complete the requested task based strictly

on the specified requirements.
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