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Abstract

Generative Al has the potential to assist people with completing
various tasks, but increased productivity is not guaranteed due to
challenges such as uncertainty in output quality and unclear pro-
cessing time. Through an online crowdsourced experiment (N=508),
leveraging a “paint by numbers” task to simulate properties of
GenAl assistance, we explore how, and how well, users make deci-
sions on whether to use or not use automation to maximize their
productivity given varying waiting times and output quality. We ob-
served gaps between user’s actual choices and their optimal choices
and characterized these gaps as the “gulf of impatience” and the
“gulf of overreliance”. We also distilled strategies that participants
adopted when making their decisions. We discuss design consider-
ations in supporting users to make more informed decisions when
interacting with GenAlI tools and make these tools more useful for
improving users’ task performance, productivity and satisfaction.
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1 Introduction

Recent advancements in Generative Al (GenAl) have led to the de-
velopment of a wide variety of GenAl support tools that assist peo-
ple in completing various tasks across different domains (including
writing, design, manufacturing, video production, education and
programming). GenAl support tools have proven to effectively assist
people with divergent thinking, especially associated with ideation
and prototyping in early stages of design projects [31, 58, 69], as
well as in end-to-end task completion with specifications and re-
quirements, associated with tasks such as programming [11, 39],
manufacturing [13] and landscape rendering [20]. However, despite
their capabilities, GenAl tools require time to generate responses,
often produce uncertain outputs, and demand additional effort from
users to make further edits and correct mistakes [13, 32, 53, 61].
Therefore, the use of GenAl support tools does not always result in
guaranteed improvements in productivity [39, 53].

For users seeking ideation support, or for novices who are not
able to complete tasks without the assistance of GenAl productivity
may not be the primary concern. However, for users who are able to
complete tasks like writing, 3D modeling and programming on their
own but are now offered GenAl assistance, the uncertainty around
the tools’” impact on productivity raises important questions about
how individuals engage with these tools to reach their optimal task
performance. Therefore, in this paper, we explore the following
research questions:

e RQ1: Given the goal of maximizing productivity, how good
are people at making optimal decisions about when to use
GenAI?

e RQ2: How do people decide when to use or not use GenAl
tools?

e RQ3: How can the design of these systems better help users
understand when to use or not to use GenAl to enhance their
productivity?

We investigate people’s decision making and reliance on GenAl-
like tools through an online crowdsourced experiment. We designed
a controlled environment where we could study the effects of la-
tency and error rate in a setting similar to what users might find
when using GenAI More specifically, participants were asked to
complete a series of “paint by numbers” tasks (Figure 1), simulating
the type of tasks that users could complete on their own, but with
which GenAl could also offer assistance. To simulate a GenAlI tool,
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we offered participants an Assisted Fill tool, which varied in error
rate and latency, requiring participants to fix any mistakes made
by the tool. A total of 508 participants were asked to decide when
to use the Assisted Fill tool under different error rate and latency
conditions. Based on participants’ performance of completing the
tasks manually, completing the tasks with Assisted Fill, and their
decisions on when to use Assisted Fill, we quantitatively evaluated
how well participants made optimal decisions.

Our results show that even when provided with performance
information about Assisted Fill, there were gaps between partici-
pants’ optimal choices and their actual decisions when aiming to
maximize productivity. We characterize these two types of decision-
making gaps as the gulf of impatience and the gulf of overreliance.
We locate the gaps across all conditions and find that people made
optimal decisions when automation had either high performance
(low latency + low error rate) or low performance (high latency
+ high error rate). The gulf of impatience occurred when automa-
tion’s performance was moderate (moderate latency + moderate
error rate). The gulf of overreliance occurred especially when the
automation excelled in one area, such as low latency, but performed
poorly in the other, such as a high error rate. We conclude by dis-
cussing the implications for designing human-AI interaction that
supports better decision making for improving users’ task perfor-
mance, productivity and user satisfaction.

In summary, our work offers the following four contributions:

e A study methodology to run controlled experiments for sys-
tematically testing characteristics of GenAl interaction using
a “paint by numbers” web app as a proxy for GenAl support
tools and human-AlI interaction.

o A characterization of decision-making gaps as the gulf of
impatience and the gulf of overreliance, illustrating common
patterns around when users decide to use or not to use GenAl
tools across various latency and error rate conditions.

o A discussion of key strategies people rely on when making
these decisions around when to use or not to use GenAl tools
for enhancing productivity.

o Design considerations for designing future GenAl tools and
workflows that support better decision making to improve
productivity, performance and user satisfaction.

2 Related Work
2.1 Generative Al Support Tools

GenAl offers abundant system and product design opportunities
for assisting people in performing various tasks. Research projects
have explored the potential application of GenAl in a wide range of
domains such as writing [12, 13], programming [62], 2D design [61],
3D design [33], UI design [9], video production [58] and research
[11] etc. In various studies, these GenAl supported systems and
workflows have been shown to augment people’s abilities, by reduc-
ing mental task load [58], enhancing creativity [34], and assisting
in producing higher quality results [9, 20].

In the above systems and workflows, GenAl is used to support
various types and stages of work. For instance, some GenAlI sup-
port tools come in at earlier stages to support brainstorming [69],
ideation [58, 69] and early stage communication between designers
[20]. In these scenarios, GenAl is not required to produce outputs
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that match perfectly with specific requirements, but to provide a
variety of outputs to support divergent thinking for inspiration.
However, in other applications of GenAl, users are able to complete
the task on their own, but GenAl support tools can assist with a por-
tion of the task so that users can then build upon the GenAl outputs
or fix any errors to meet requirements. Prior research has explored
this strategy in domains such as designing 3D structures [13], logo
design [61], writing [12], and programming [2, 39, 53]. Users of a
GenAl logo design system explicitly mentioned the importance of
final editing after getting the outputs so that they could change the
logos to match their expectations [61]. Similarly, as illustrated in
research around GenAl programming assistants, GenAl is seen as
not useful when users have to spend too much time fixing errors in
generated code to achieve correct functionality, or even just making
sense of or validating the generated code [2, 30, 46].

In our study, we focus on the second type of tasks, in which users
have to complete a task with requirements that need to be met, and
GenAl support tools are leveraged to help them carry out that task
from start to finish. This is in contrast with tasks that users cannot
complete on their own without GenAl, or scenarios where GenAl
acts as a source of inspiration. For those tasks in which GenAlI tools
support users in task completion, enhancing productivity becomes
a particularly critical lens to evaluate the effectiveness of GenAl.

2.2 Human-Al interaction and Productivity

Previous work studying human-Al interaction has revealed a wide
range of potential positive impacts of incorporating GenAl in exist-
ing workflows. For instance, these include studies that showed how
GenAl could: enhance human creativity [31, 34], reduce mental
task load [11, 62], be incorporated in teamwork settings to enhance
discussion facilitation and exchange of ideas [11, 20].

Productivity is one key area of focus when evaluating the usabil-
ity and utility of GenAl support tools. When evaluating their GenAI
system for supporting short video script writing, Wang et al. [58]
emphasized that their system was able to reduce users’ time and ef-
fort. Ziegler et al. [70] surveyed GenAl programming assistant users
on their perceived productivity and found that developers felt more
productive using GenAl support tools and that self-reported percep-
tions were correlated with suggestion acceptance rate. Randomized
control trials were also conducted by different groups of researchers,
showing that participants reduced their coding task completion
time when using GenAl programming assistants [46, 57].

However, an increase in productivity is not always guaranteed
[53]. Vaithilingam et al. [57] found no significant improvement
in task completion time when using Github Copilot and other
researchers have also pointed out usability issues with GenAl
in programming assistance [30], design [26, 42] and manufactur-
ing [13]. Simkute et al. [53] linked loss of productivity to Bain-
bridge’s “ironies of automation” [1].

Recognizing the unique impact of human-Al interaction on pro-
ductivity, HCI researchers have reflected on what makes human-Al
interaction difficult to design for and what factors influence produc-
tivity. As mentioned in Section 2.1, our study focuses on a particular
type of GenAl support tools for assisting users in completing tasks
with specific requirements (such as programming or manufactur-
ing products), rather than just assisting in the brainstorming stage.
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Below, we synthesize previously explored key characteristics and
challenges of working with those particular types of GenAl produc-
tivity support tools into three categories: output uncertainty, output
manipulation, and output latency.

e Output Uncertainty: Yang et al. [64] identified that design-
ers often find designing with Al difficult due to uncertainty
about the AI’s capabilities and the complexity of the AI’s
outputs. They analyzed two attributes of Al uncertainty:
capability uncertainty, referring to uncertainty surround-
ing what the system can do and output uncertainty, which
refers to the complexity of the outputs that the system might
generate. Liang et al. [30] also echoed these findings and
pointed out that an important usability issue with GenAI
assistance is experiencing difficulties controlling the output,
which leads to output uncertainty.

Output Manipulation: Past research has analyzed how
users interact with GenAlI support tools and found that users
spend significant time validating, manipulating and optimiz-
ing Al output. Gmeiner et al. [13] found that one primary
challenge for CAD users when using Al design tools is ma-
nipulating Al outputs. Their study showed that when AI
supports manufacturing design works, users usually need
to edit and rework Al outputs that contain aesthetic flaws,
surface bumps, holes, or slightly twisted geometry for 3D
models. Xiao et al. [61] designed a system for generating
Typographic Logos, and their usability evaluation similarly
highlighted participants’ needs for post-generation editing.
In a different domain, Yan et al. [62] studied programming
assistance (GitHub Copilot, OpenAI GPT-4, Amazon Code-
Whisper, IntelliCode Compose, CodeT5+) and observed that
programmers spend a significant amount of time examining
the generated code and encounter challenges of understand-
ing, revising and fixing any mistakes. Similarly, Liang et al
[30] found that manipulating Al output includes steps of un-
derstanding output, evaluating output, and either modifying
output or giving up on output. Their results showed that
some programmers spent too much time modifying results
or found the output distracting.

Output Latency: Processing delays and waiting for output
to be generated is another characteristic that designers need
to take into consideration when designing GenAlI support
tools. Liu et al. [34] pointed out that processing delays are a
key characteristic of GenAl tools, and argued for taking such
delays into consideration for system design. Mozannar et
al. [39] studied how programmers use GenAlI assistance and
developed a taxonomy of common programmer activities
when interacting with Copilot. Out of the 12 activities, they
found “waiting for suggestions” on average accounted for
4.2% of the total time of task completion and that program-
mers often have to wait for suggestions to show up due to
either latency or Copilot not kicking in to provide a sugges-
tion. Lin & Martelaro [31] identified waiting time to obtain
results from a model as one of the key challenges of working
with A, making the work no longer a seamless process.

Therefore, in our study, we simulate a GenAl system through a
“paint by numbers” task that incorporates these three characteristics
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of GenAl that we discussed above. We then leverage this task to
investigate how and how well people make decisions around when
to use or not use GenAl when trying to maximize their productivity
given these interaction challenges.

2.3 Reliance on Al

A rich body of research in HCI, psychology and other fields have
explored the topic of reliance on automation [7, 35, 43, 44]. Automa-
tion is defined as the execution by a machine agent of a function
that was previously carried out by a human [43]. When humans
inappropriately rely on automation, including misuse, disuse, over-
reliance, or underreliance, the human-machine collaboration fails to
achieve the optimal outcomes or results in negative consequences.

With the advancement and adoption of machine learning (ML)
and Al-based applications, researchers started looking into human
reliance on Al, with much focus on Al-assisted decision making:
how people accept Al suggestions and the consequences of accept-
ing erroneous suggestions or rejecting correct suggestions [45].
Prior research studied factors that impact people’s reliance on ML
models, including stated accuracy [27], observed accuracy [66],
the model’s confidence associated with each recommendation [68],
and people’s confidence in their agreement/disagreement with the
model [35]. Some studies found that explanations of an ML model
lead to more appropriate reliance on the model [27, 48, 63], while
others observed that reliance varies across decision-making tasks,
types of explanations, and user characteristics [3, 6, 24, 51, 59, 68].

Reliance on GenAl support tools is quite different from reliance
on Al-assisted decision making due to differences in the types of
tasks supported, ways of interacting with AI's output, and conse-
quences of accepting or rejecting AI’s suggestions. GenAl recom-
mendations are applied to more open-ended tasks that could be
completed with a variety of pathways, whereas Al-assisted decision
making is applied to tasks that can usually be reduced to binary
decision making [35, 51, 68]. Therefore, we see much value in ad-
vancing our understanding of human reliance on automation in
the context of GenAl Roy et al. [50] explored the impact of accu-
racy and “controllability” (how easily an automated result can be
manually modified) on decisions of using or not using automation,
shedding light on people’s preferences on automation with char-
acteristics of GenAlL Our study aims to deepen our understanding
of people’s reliance on GenAlI through the focal point of produc-
tivity. Since GenAl recommendations can no longer be evaluated
on a simple dichotomy of correct versus incorrect, as often found
in studies of ML-assisted decision making, we explore people’s
reliance on GenAl when they try to maximize their productivity.
Therefore, overreliance, previously defined as users accepting incor-
rect Al recommendations [45], in the context of our paper becomes
users spending more time using GenAl to assist with completing a
task than it would take to complete the task themselves. Similarly,
underreliance, previously defined as users rejecting correct Al rec-
ommendations, becomes users spending more time completing a
task on their own when leveraging GenAlI could have helped them
complete the task faster. Our study expands our understanding of
human-GenAl interaction (and of human-Al interaction at large),
through revealing how people rely on GenAl support tools, and
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how and how well they make decisions on when to use or not to
use GenAlI support tools for productivity support.

3 Methodology

We wanted to investigate how and how well people decide whether
to use or not to use an automation support tool that simulates

characteristics of GenAl when trying to maximize productivity.

Rather than using a true GenAl system where the outputs could not
be easily controlled, we developed our own simulated Generative Al
environment where we could carefully control the latency and error
rates. We designed a “paint by numbers” task that resembles the
characteristics of the type of tasks that we focus on. As discussed
earlier, we focus on tasks where GenAl is leveraged to support
users in completing tasks with specific requirements, such as those
required in manufacturing, 3D modeling and coding, rather than
those that merely provide brainstorming ideas and inspirations. As
for the simulated GenAl support tool, we specifically incorporated
characteristics of output uncertainty, output latency and output
manipulation into an Assisted Fill tool offered to participants. The
experiment assigned 508 participants into conditions for interacting
with Assisted Fill with various latency and output accuracy. In the
following sections, we explain in detail the paint by numbers task,
the simulated GenAl tool, and the experiment design.

3.1 Simulated Environment: Paint by Numbers

The task that users need to complete in our experiment is a “paint by
numbers" task, which we developed as a web app in JavaScript with
data stored and managed through a MongoDB backend. The idea
is for the user to fill in the correct colors by pressing the associated
number key for each cell and to replicate a pixelated image that is
provided on the side. As shown in Figure 1, users start with a blank
grid of cells with only colored numbers on the left and then work
towards filling in colors to recreate the pixelated image shown on
the right (in this case, a duck).

o

Figure 1: An example of an empty grid (left) and the final
image presented to users (right) in a paint by numbers task.

As illustrated in Figure 2, users can use the arrow keys or mouse
to move through grids of cells and fill in colors by pressing the
corresponding number keys. Two modes of interaction are offered
for completing the tasks. One is Manual Fill, in which users only
rely on their keyboard and mouse to complete filling in colors
for each cell. The other mode is Assisted Fill, in which GenAl is
simulated. If Assisted Fill is chosen, users will wait for the colors
to be automatically filled in and then correct any mistakes.
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As mentioned before, we designed this task to simulate a human-
Al interaction scenario in which GenAlI is used to support users
completing tasks with specific requirements. Users have to make
sure that they fill in all of the cells correctly to complete the task.
The Assisted Fill tool was designed to incorporate the three char-
acteristics of GenAl tools that previous research highlighted as
important challenges that impact productivity (see Section 2.2):

e Output Uncertainty is simulated by users not being able to
predict patterns in terms of where there will be wrong colors
in cells and which wrong color will be filled in as errors.

e Output Manipulation is simulated by requiring users to
correct any mistakes made by the automation before com-
pleting the task. We also deliberately designed the fill color
of the cells and the number text color to be subtly different
(adjusting each RGB value by 0.5%), ensuring that mistakes
are noticeable (due to mismatched text and background col-
ors), but not overly obvious. This mimics how GenAl often
introduces small errors that need to be detected and fixed
by users, and may not be obvious to find.

e Output Latency is simulated by assigning users to various
waiting times for Assisted Fill. The two modes of interaction,
Manual Fill and Assisted Fill, are illustrated in Figure 3.

3.1.1 Design Decisions on Controllability vs. Realism. This study
methodology using our “paint by numbers” interactive web app
can act as an effective proxy to study GenAl support tools, being
more practical to implement and providing more control compared
to integrating a real GenAl model. Our methodology prioritized
controllability and precision afforded by an (online) lab experiment,
and we recognize that this approach comes at the expense of realism
[38, p. 155]. McGrath argues that any methodology presents “both
opportunities for gaining knowledge and limitations to that knowl-
edge” [38, p. 154]. While researchers hope to gather evidence and
produce insights that are generalizable, precise, and closely aligned
with real-world contexts, we often face the inherent dilemma of not
being able to achieve all dimensions simultaneously through one
methodology. We believe that developing a method for a controlled
experiment serves as a crucial step to understand human decision-
making patterns during human-GenAl interaction. Once developed,
this method could be reused, allowing researchers to replicate stud-
ies, collect data on a larger scale, understand differences caused by
small changes in key factors of focus, and customize the design and
methodology to accommodate other scenarios. For instance, we see
this method potentially extending to other types of tools and tasks,
including GenAI systems with varying levels of difficulty for de-
tecting errors, Ul designs that support different ways of presenting
model information, or systems that afford users to multi-task.

3.1.2  Design Decisions on Error Detectability. We went through
several rounds of iterative design among the authors and conducted
pilot studies with experienced users of GenAl tools to make sure
that our system resembles characteristics of GenAl. More specifi-
cally, we were trying to make sure the errors were recognizable but
not overly obvious, requiring users to pay attention to identify er-
rors while avoiding excessive time spent searching for them during
the task. We tested out different combinations of cell colors and text
colors so that the visual cues, differences in hues, and shades are not
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Arrow Keys

The "Assisted Fill" Tool helps you fill in colours first.
You need to check and fix wrong colours.

Figure 2: The experiment landing page instructing users how they can complete the paint by numbers game. There are two
options for completing the task. One is Manual Fill mode, in which users fill in all colors manually through keypresses. The
other is Assisted Fill, in which users wait for the simulated GenAl to fill in the colors, and then they manually fix any mistakes.
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Assisted Fill: Wait for automation to finish filling in colors and then correct any mistakes.

Figure 3: Illustration of the workflow for using Manual Fill (top) and using Assisted Fill (bottom). Assisted Fill simulates GenAI
support tools through various latency and error rates that require users to fix any mistakes before completing the task.

random, too hard to detect, nor too apparent either. For instance,
in some of the previous iterations, we tried to indicate cells that
are wrong with a red border color or used the same color for both
text and cell background. However, in our pilot study, we realized
that these visual elements were too apparent and did not accurately
mimic the subtle errors made by GenAl We also tried using black
text for all cells but found that it made identifying errors exces-
sively challenging. The four colors used in the pixelated images
were deliberately chosen to be distinct enough so that participants
do not have to spend time differentiating between similar shades.
The canvas size, number of cells, number of colors used and the
pixilated images were all chosen through rounds of iterative design
sessions and pilot studies. Our goal was for the tasks to require time
and effort to complete, while also avoiding excessive cognitive or
physical strain. We believe we succeeded in achieving this balance
as some participants in our final study provided feedback such as
“This was very very very fun!”. As mentioned in Section 3.1.1, we
believe this method is extensible and could also be leveraged for

future studies. Specifically, this method could also be used to exam-
ine other characteristics of GenAl interaction beyond latency and
error rate. Additionally, it could be adapted to compare different
UI mechanisms that could help users make better decisions about
when to rely on the GenAl model based on particular performance
indicators, including but not limited to latency and error rate.

3.2 Experiment Design

We conducted a between-subject experiment to evaluate how and
how well people make decisions on when to use and not use GenAI
support tools. We aimed to systematically explore the full space
of latency and error rate, so we assigned participants to latency
conditions ranging from 0 seconds to 210 seconds with 15 seconds
ofstep size in between (0, 15, 30, 45, 60, 75, 90, 105, 120, 135, 150, 165,
180, 195, 210) and to error rate conditions ranging from 0% to 75%
with a step size of 5% (0, 5, 10, 15, 20, 25, 30, 35, 40, 45, 50, 55, 60, 65,
70, 75). For latency, we chose 210 seconds as the maximum latency
based on our pilot study, which showed that 210 seconds exceeded
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the amount of time participants were generally willing to wait. The
step size was chosen to balance experiment size and resolution.
We chose 75% as the maximum error rate because it represents the
threshold for random chance. Namely, with four color options, an
error rate higher than 75% would perform worse than randomly
assigning colors to the cells. Similarly, the step sizes for error rate
were also chosen to balance experiment size and resolution. There-
fore, we ended up with 15 latency and 16 error rate conditions. We
aimed to recruit 15 latency X 16 error rate X 2 participants = 430
participants, which would give us 15 latency X 2 participants +
16 error rate X 2 participants = 62 decision data points for each
condition combination based on our task setup. These decision data
points generated by each of our participants represented their deci-
sions for either using or not using the Assisted Fill tool given a list
of latency and error rate combinations as shown in Figure 5. Specif-
ically, each participant was assigned one latency condition from 15
possible latency conditions. Under this fixed latency condition, they
made decisions across all 16 error rate conditions, contributing 16
decision data points. Conversely, each participant was also assigned
one error rate condition from 16 possible error rate conditions. Un-
der this fixed error rate condition, they made decisions across all
15 latency conditions, contributing an additional 15 decision data
points. To better explain the experiment, we present the task flow
in Figure 4 with an example of one participant’s performance. We
will walk through the experiment and how we collected our data
in detail in the next subsections.

3.2.1 Introduction and Practice. Participants were first shown an
instruction through a web application, introducing the paint by
numbers game, what the cells look like, the two modes of interac-
tion and a prompt to “try to complete the task as fast as you can!”.
Throughout the study, we kept prompting participants to complete
tasks as fast as possible to maximize their productivity. We believe
participants were also motivated to do so given the fixed amount
of compensation, regardless of how long they took to complete the
study. Participants then completed two practice tasks of filling in
colors on a grid of 4 by 4 cells, one in which they used Manual Fill,
and another in which they used Assisted Fill.

3.2.2 Task 1 and Task 2. After the practice round, participants
completed a total of three full paint by numbers tasks with a grid
size of 15 by 15. For the first two tasks, participants were assigned to
complete one with Manual Fill and the other with Assisted Fill. The
order of which one comes first is randomly generated. The order of
the images is also randomly assigned, since in our pilot study we
found no significant time or difficulty difference for tasks associated
with each image. When Assisted Fill is offered, participants are
also presented with the waiting time and the error rate of the
tool. Participants are randomly assigned to one of the 15 latency
conditions and one of the 16 error rate conditions with coverage of
all combinations for the Assisted Fill tool in the first two tasks.

3.2.3 Task 3 and Survey Questions. In the final task, we informed
participants that a new Assisted Fill tool is assigned to them. Whether
they will be using the Assisted Fill tool or filling in colors manually
depended on their answer to two questions about their tolerable
waiting time and error rate for Assisted Fill given a specific error
rate or wait time. The two questions were customized based on their
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assigned Assisted Fill condition in the first two tasks. Referring back
to our example in Figure 4, since the Assisted Fill assigned to the
participant in Task 2 has a latency of | 150s | and error rate of | 35% ,
the first question is: “For Assisted Fill tools, if the error rate is always
35% , but the wait time can vary between 0 second to 210 seconds:
What is the longest you would be willing to wait for the Assisted Fill
Tool? Remember, you are trying to complete the overall task in as
little time as possible.” The second question is: “For Assisted Fill tools,
if the waiting time is always | 150 seconds, but the error rate can
vary between 0% to 75%: What is the highest error rate you would be
willing to use for the Assisted Fill Tool? Remember, you are trying to
complete the overall task in as little time as possible.”

Then based on the participant’s answer to Question 1, we assign
them either an Assisted Fill tool or a Manual Fill tool for Task 3. As
illustrated in Figure 4, the participant was assigned an Assisted Fill
tool with the same error rate, but a 60 second latency (or waiting
time) for Task 3. We designed the latency of the Assisted Fill tool
for the third task to be (210 seconds — latency for their previous
Assisted Fill tool) to balance the completion time and avoid the
case that a participant has to wait long twice in a row. If the par-
ticipant’s answer for Question 1 is greater or equal to 60 seconds,
then they will use the Assisted Fill tool for their third task and if
the participants’ answer is lower than 60 seconds, they will use the
Manual Fill tool. After participants completed all three tasks, we
collected survey responses for the question “How did you decide
how long you are willing to wait for Assisted Fill for task 3? And how
did you decide at what error rate you are still willing to use Assisted
Fill for task 37 What factors influenced your decision?” To avoid
low quality responses, we required participants to input at least 50
characters into the text box. Although only participants’ answers to
the two questions were considered meaningful data for our study,
and their performance on Task 3 was not a factor in our analysis,
we still required participants to actually complete Task 3, instead
of ending the experiment after they provided the answers. There
were two key reasons for designing the experiment like this. First,
completing Task 3 balanced the overall task completion time across
participants: those who experienced longer waiting times in Tasks
1 or 2 would encounter shorter waiting times in Task 3. Secondly,
having participants complete Task 3 ensured they faced the conse-
quences of their decisions, potentially leading to more meaningful
reflections and responses in the subsequent survey question.

3.3 Participants, Data and Metrics

Participants were recruited from Prolific [47]. Inclusion criteria
were: no issues seeing colors, and being fluent in English. During
our pilot study, completing the whole experiment took on average
18 minutes. We therefore decided to compensate each participant
approximately 5.11 USD for completing the task, corresponding
to 17 USD per hour. We also monitored and recorded the time
participants took to complete the tasks in the final study, which
aligned with our pilot study, with an average completion time of
16 minutes and a median time of 14 minutes.

We aimed for 480 participants who successfully completed the
study in order to have at least two participants for each of our
15 latencyx 16 error rate condition combinations. This would allow
us to generate at least 2 participant X 15 latency + 2 participant X
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Manual Fill Completion Time:

For Assisted Fill tools, if the error rate is always 35% , but the
wait time can vary between 0 second to 210 seconds:

What is the longest you would be willing to wait for the
Assisted Fill Tool?

Question 1

Remember, you are trying to complete the overall task in as little
time as possible.

Question 2
For Assisted Fill tools, if the waiting time is always 150 seconds ,
but the error rate can vary between 0% to 75%:
What is the highest error rate you would be willing to use for
the Assisted Fill Tool?

Remember, you are trying to complete the overall task in as little
time as possible.
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Assisted Fill Tool Performance

Latency: 150s Error Rate: 35%

Task 2: Assisted Fill
Assisted Fill Completion Time:
200s
150s Latency + 50s

Question 3

Assisted Fill Decision-Making Strategies
Latency: 60s OR Manual Fill How did you decide how
Error Rate: 35% long you are willing to wait
for Assisted Fill for task 3?
8 3 And how did you decide at
33 what error rate you are still
2 33 2 33 1 g willing to use Assisted Fill
33 3 for task 3?
33 3
g g 33 L What factors influenced
3 3 your decision?
3
313343 .‘
33 33
Task 3 Post-Task 3 Survey

The latency of this 35% error rate
Assisted Fill tool is 60s, which is
greater than the participant’s answer
of 45s.

So the participant will need to finish
Task 3 with Manual Fill.

Figure 4: Workflow of the experiment and an example participant’s performance. Participants went through six steps in
total: (1) Introduction and two practice rounds to get to know Manual Fill and Assisted Fill; (2) The first full grid task, where
participants will be assigned to either Manual Fill or Assisted Fill. In this example, the participant first was assigned to Manual
Fill; (3) The second full grid task, in which participants will be assigned to a different mode of interaction from the first task;
(4) Pre-Task 3 questions, in which participants answer questions that determine whether they get to use their assigned Assisted
Fill tool or manually fill in colors for Task 3; (5) Task 3, in which participants complete a third paint by numbers game using
the mode of interaction based on their answer to Question 1 in Pre-Task 3; (6) Post-Task 3 survey.

16 error rate = 62 decisions for each condition. Referring back to
the participant example in Figure 4, when they chose 45s as the an-
swer for Question 1, they were generating 1 decision data point for
each of the 15 latency conditions listed (Figure 5). Similarly, when
they answer question 2, they again generate 1 decision data point
for each of the 16 error rate conditions. Therefore, one participant
in total generates 15 + 16 = 31 data points.

We recruited 605 participants in total: 2 failed our attention test
embedded in our survey questions and 95 participants were elimi-
nated as outliers, leaving us with a final set of 508 participants. To

ensure valid and consistent results, we aimed to include participants
who tried their best to complete the task as fast as possible and
those that could represent the average user when interacting with
GenAl systems (i.e. those who were not extremely fast or slow). We
detected outliers through two stages: key gap outliers and total com-
pletion time outliers. Key gap outliers are participants who have long
gaps in between key presses when completing the study, indicating
they may have gotten distracted. We first used the Tukey Method
with k=1.5 to identify outlier (i.e. very long) key press gaps. Next, we
used the Tukey Method with k=1.5 to identify participants who have
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0s m——— 210s

Assisted Fill Manual Fill
45s

Your Answer: At 35% error rate,
| would choose Assisted Fill if the wait time was less than or equal to 45 seconds.
| would choose Manual Fill if the wait time was greater than 45 seconds.

« At 35% error rate, for 0 seconds waiting time, | would choose Assisted Fill

« At 35% error rate, for 15 seconds waiting time, | would choose Assisted Fill
« At 35% error rate, for 30 seconds waiting time, | would choose Assisted Fill
« At 35% error rate, for 45 seconds waiting time, | would choose Assisted Fill
* At 35% error rate, for 60 seconds waiting time, | would choose Manual Fill

« At 35% error rate, for 75 seconds waiting time, | would choose Manual Fill

« At 35% error rate, for 90 seconds waiting time, | would choose Manual Fill

« At 35% error rate, for 105 seconds waiting time, | would choose Manual Fill
« At 35% error rate, for 120 seconds waiting time, | would choose Manual Fill
« At 35% error rate, for 135 seconds waiting time, | would choose Manual Fill
« At 35% error rate, for 150 seconds waiting time, | would choose Manual Fill (Your previous Assisted Fill)
* At 35% error rate, for 165 seconds waiting time, | would choose Manual Fill
« At 35% error rate, for 180 seconds waiting time, | would choose Manual Fill
« At 35% error rate, for 195 seconds waiting time, | would choose Manual Fill
« At 35% error rate, for 210 seconds waiting time, | would choose Manual Fill
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0% e— 75%

Manual Fill

ssisted Fill
10%

Your Answer: At 150 seconds of wait time,
I would choose Assisted Fill if the error rate was less than or equal to 10%.
| would choose Manual Fill if the error rate was greater than 10%.

« At 150 seconds of wait time, for 0% error rate, | would choose Assisted Fill
« At 150 seconds of wait time, for 5% error rate, | would choose Assisted Fill
« At 150 seconds of wait time, for 10% error rate, | would choose Assisted Fill
« At 150 seconds of wait time, for 15% error rate, | would choose Manual Fill
« At 150 seconds of wait time, for 20% error rate, | would choose Manual Fill
+ At 150 seconds of wait time, for 256% error rate, | would choose Manual Fill
* At 150 seconds of wait time, for 30% error rate, | would choose Manual Fill
+ At 150 seconds of wait time, for 35% error rate, | would choose Manual Fill (Your previous Assisted Fill)
+ At 150 seconds of wait time, for 40% error rate, | would choose Manual Fill
« At 150 seconds of wait time, for 45% error rate, | would choose Manual Fill
« At 150 seconds of wait time, for 50% error rate, | would choose Manual Fill
« At 150 seconds of wait time, for 55% error rate, | would choose Manual Fill
« At 150 seconds of wait time, for 60% error rate, | would choose Manual Fill
+ At 150 seconds of wait time, for 65% error rate, | would choose Manual Fill
« At 150 seconds of wait time, for 70% error rate, | would choose Manual Fill
« At 150 seconds of wait time, for 75% error rate, | would choose Manual Fill

Figure 5: Participants’ answers to Question 1 and Question 2. Answering one question generates 15 and 16 data points respectively.

a very high number of those outlier key press gaps. Since Manual
Fill and Assisted Fill require different numbers of key presses, key
gap outliers were analyzed by grouping all Manual Fill conditions
together and grouping Assisted Fill by the different error rate condi-
tions. Participants with an outlier number of outlier key gaps were
first filtered out. Finally, to detect total completion time outliers,
we again used the Tukey Method with k=1.5 and identified outliers
after grouping all Manual Fill conditions together and grouping
Assisted Fill conditions by the various error rate conditions. After
removing outliers, we ended up with 508 participants, resulting in
a total of 508 X 15 latency + 508 X 16 error rate = 15,748 decision
data points, and at least 62 data points for each combination of
latency and error rate.

3.3.1 Optimal Answer and Break-Even Value for Latency and Error
Rate. Answers for Question 1 and 2 provided us with participants’
actual choices of when to use or not to use an Assisted Fill tool.
This data is referred to as a participant’s actual choice or their
chosen answer. We also generated participants’ optimal answer (or
optimal choice) through their completion times for Task 1 and Task
2 using Manual Fill and Assisted Fill. Participants’ optimal answer
is determined by the break-even value, calculated based on their
performance in the previous two tasks. Specifically, if the latency
or error rate of the Assisted Fill tool is below the break-even value,
participants will complete the task faster using the tool. However, if
the latency or error rate exceeds the break-even point, participants
would be better off completing the task manually.

Referring back to the example in Figure 4 (step 3), this participant
used 50s to fix the mistakes generated by the Assisted Fill tool with
a 35% error rate. Therefore, the participants’ optimal answer for
Question 1 around their longest tolerable latency would be:

180s (Manual Completion Time) — 50s (Time To Fix Errors) = 130s

So, after waiting 130s for Assisted Fill to finish, the user can still
complete the task faster than manually filling in all colors. In our
example, the participant did not choose optimally, because their

chosen latency of 45s for an Assisted Fill tool with 35% accuracy is
much shorter than their optimal latency of 130s. As for Question
2, given an Assisted Fill tool with 150s latency, then to ensure that
the participant completes the task with the Assisted Fill tool faster
than filling it in manually, they would only have 180s (Manual
Completion Time) - 150s (Given Latency) = 30s available for fixing
any mistakes. On average, this example participants’ speed (in cells
per second) for fixing the Assisted Fill tool’s mistakes was:

35% Error Rate x 225 Total Number of Cells

- - - =1.58cells/s
200s Assisted Completion Time — 150s Latency

Therefore, with 30 seconds given to fix mistakes, the participant
could fix 30s X 1.58 cells / s = 47.4 cells, which corresponds to
an optimal value of 47.4 / 225 = 21% for the error rate. Any error
rate larger than 21% would cause the participant’s Assisted Fill
completion time to be longer than their manual completion time.
As with their choice for latency, the participant in Figure 4 did not
choose optimally. They chose a highest tolerable error rate of 10%,
which is below their optimal answer for error rate. At 10% error
rate (< 21%), they would be faster using Assisted Fill. Based on this
method, we were able to calculate optimal answers for latency at a
given error rate and error rate at a given latency for each participant
and compare them with their actual choices.

3.4 Pilot Study

We conducted a series of pilots involving the authors of the paper
as well as five other participants from our personal network. The
pilot sessions were helpful in designing the system for our study. As
discussed in Section 3.1, through the pilot sessions, we revised our
Ul design and experiment design to make sure the system effectively
emulated key characteristics of user interactions with GenAI and
to streamline the experiment to provide a smooth and intuitive
experience for participants. Beyond the color and cell number of the
task design, some other UI elements that were redesigned through
the pilot studies include a warning message and alert sound pop up
when users leave or click outside of the experiment web page. The
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slider in combination with a list of answers corresponding to the
selected value in the slider was also a design consideration coming
out of the pilot sessions to enhance participants’ understanding of
their choice (as seen at the bottom of Figure 5).

4 Results

4.1 RQ1: Quantitative Analysis of Actual Choice
vs. Optimal Choice

4.1.1 Given an error rate, what latency is tolerable? For each of
the 16 error rate conditions (0%, 5%, 10%, 15%, 20%, 25%, 30%, 35%,
40%, 45%, 50%, 55%, 60%, 65%, 70%, 75%), we were able to plot out
two curves based on participants’ answers to Question 1: Given a
particular error rate, what is the longest time they are willing to
wait, and what is their optimal waiting time. By aggregating all
participants’ choices for each latency, we obtain the percentage of
participants choosing to use Assisted Fill at a given latency and error
rate as well as the percentage of participants who should be using
Assisted Fill if they were using an optimal strategy ( Section 3.3.1).
Sigmoid curves were fitted to the data, plotted along with 1-sigma
bootstrap confidence intervals [8, 40].

Among the set of 16 plots, we found two patterns which could
be represented by the top left and the bottom right line graph in
Figure 6. They represent the percentage of participants choosing
Assisted Fill with y = 1 meaning everyone chose Assisted Fill and
y = 0 meaning no one chose Assisted Fill. The x-axis represents the
different latency conditions, while the four charts show increasing
error rates: 0%, 20%, 50%, and 75% respectively. Transition stages
are represented through two plots on top right and on bottom left,
illustrating how the figure representing error rate at 0% eventually
becomes the figure at 75%. Namely, as error rate increases, the
area of the gulf of impatience becomes smaller and the gulf of
overreliance becomes larger. As illustrated in Figure 6, given an
error rate of 0%, participants tend to underestimate Assisted Fill’s
support when latency is low, creating a gulf of impatience. On the
other hand, when latency gets high, users tend to overestimate
Assisted Fill’s support, creating a gulf of overreliance. As the error
rate increases, we see through a series of transition stages that the
gulf of impatience gets smaller and gulf of overreliance gets bigger.

By calculating the differences between each of the 16 pairs of line
plots and aggregating the differences between the actual choices
and the optimal choices, we are able to obtain the heat map shown in
Figure 7. This illustrates that people generally make good decisions
when Assisted Fill is either perfect or extremely bad. However,
participants tend to underuse Assisted Fill when the performance
is moderate in both error rate (5% - 15%) and latency (25s - 100s).
This is indicated by the red area on the bottom left of the figure,
labeled as the gulf of impatience. Conversely, as shown by the blue
area in the bottom right part of the heat map, participants over-rely
on the Assisted Fill tool when it has a high error rate (50% - 75%)
and low latency (0s - 25s), which results in a gulf of overreliance.

4.1.2 Given a latency, what error rate is tolerable? When partici-
pants were given a specific latency and asked for what is a tolerable
error rate, we found similar trends. For each of the 15 latency condi-
tions (Os, 15s, 30s, 45s, 60s, 75s, 90s, 105s, 120s, 135s, 150s, 165s, 180s,
195s, 210s), we were again able to plot out two discrete curves based
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on participants’ answers to question 2. Given a particular latency, a
curve that represents the largest error rate participants are willing
to tolerate for Assisted Fill, and a curve based on their optimal
choices. Through aggregating participants’ choices, we are able to
plot one line illustrating the percentage of participants choosing to
use Assisted Fill at each latency and error rate condition as well as
the percentage of participants who should be using Assisted Fill if
they chose optimally. Again, a sigmoid curve was fitted for each
line plot to provide a clearer representation, along with 1-sigma
bootstrap confidence intervals [8, 40].

As shown in Figure 8, we found that given low latency (<30 sec-
onds), participants tend to underestimate their productivity when
supported by automation with almost all error rate conditions,
resulting in a large gulf of impatience. When waiting time is be-
tween 30 seconds to 60 seconds, participants tend to underestimate
Assisted Fill with high performance (error rate between 0% and
40%) and over-rely on low performance Assisted Fill tools (error
rate greater than 40%). As the given latency increases, the gulf of
impatience becomes smaller and the gulf of overreliance grows.

Through calculating the differences between each of the 15 pairs
of line plots (4 of which are represented in Figure 8) and aggregating
the differences, we again obtain a heat map shown in Figure 9.
Similarly, this figure illustrates that people generally make good
decisions when Assisted Fill is either perfect or extremely bad.
However, participants tend to underuse Assisted Fill when the
performance is moderate in both latency (0s - 30s) and error rate
(10% - 50%), as shown through the gulf of impatience label in the
red area. Conversely, as shown by the blue area in the right part
of the heat map, participants over-rely on Assisted Fill tools when
it has a high latency (120s - 210s) and low error rate (0% - 10%),
resulting in a gulf of overreliance.

4.1.3 Combining and Locating the Gulfs. Combining answers for
Question 1 and Question 2 together provide us with at least 62 data
points (15 X 2 + 16 X 2 = 62) for each of the 15 latency and 16 error
rate conditions. Visualizing the gap between participants’ actual
choices and their optimal choices through the heat map in Figure 10
presents us with a clearer view of where the gulf of impatience and
the gulf of overreliance are located. To summarize, we found that
people make optimal decisions when Assisted Fill is either high
performing in both latency and error rate or low performing in both
latency and error rate. In other words, people make good decisions
on deciding whether to use automation or not when encountering
“smart AI” and “dumb AIL” The gulf of impatience occurs when the
AT’s performance becomes more moderate. The gulf of overreliance
occurs especially when one of the two conditions is extremely high
performing and the other is low performing, which is indicated
through the dark blue color in the top left corner as “smart but slow
AI” and the bottom right corner of the graph as “dumb but fast AI”.

4.2 RQ2: Qualitative Analysis of Strategies Used
in Decision Making

Participants articulated various strategies they used to make their
decisions for when to use and not to use Assisted Fill when trying
to complete the task as fast as possible. One author went through
all responses to generate initial codes representing strategies that
participants used to support their decision-making. Then all authors
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Figure 6: Four plots illustrating the main patterns of chosen versus optimal percentages of using Assisted Fill given various
error rate conditions. The y-axis in each chart represents the percentage of participants choosing Assisted Fill, with y = 1
meaning everyone chose Assisted Fill and y = 0 indicating no one chose Assisted Fill. The x-axis represents the different latency
conditions. The charts represent these variables for increasing error rates: 0% (top left), 20% (top right), 50% (bottom left), and
75% (bottom right). Sigmoid curves are fitted to the raw data to illustrate trends. Shaded areas around the red and blue curves

represent 1-sigma bootstrap confidence intervals [8, 40].

came together for several rounds of discussion to iteratively discuss
the codes and come to an agreement. Through further discussions,
we then synthesized these into three key strategies: (1) calculating
time; (2) relying on “gut feeling” thresholds; and (3) balancing fun
and effort. Some participants explicitly mentioned one strategy,
while many others used multiple strategies. As shown in Figure 11,
which of the three strategies participants did or did not use had
little influence on how effectively they made their decisions.

4.2.1 Time calculation. Many participants made their decisions
based on their estimation of how long it took them to complete the
task using the two different modes of interaction. We found that
339 participants (66.7%) explicitly mentioned that their answers for
Question 1 and Question 2 were calculated based on estimating how
fast they complete the first two tasks and how fast they could fill
in colors and fix mistakes. To illustrate how participants described
their strategy, we showcase three examples:

o “To decide how long to wait, I tried to remember how long it
took me to complete the task manually. I tried to compare the
time it took me to do the whole task from scratch (manually) to

when the waiting period for the Assisted Fill option would end
up hurting my time rather than helping me. For the Assisted
Fill, around half of them are filled correctly, so if I do not wait
for too long, then I can beat the time I took to do the Manual
Fill since I have less to fix. For the error rate, I again tried to
make it so that I could finish the task as soon as possible. I
knew that the [waiting] time of 195 seconds was a very long
time (it felt that way to me at least), and I thought I could
finish the task manually within the 195 seconds so I wanted to
choose the lowest error rate since it meant less to fix.”

“T checked in how much time I did the first task manually and
compared it to the time I'm willing to wait for autofill [Assisted
Fill] to work. Because the aim was to complete the task as fast
as possible, I had to select a waiting time that is less than the
time I would have taken to do the task manually and leave
enough time to correct mistakes as well.”

“Ttried to think how much time I would take doing it manually
and what time it would compensate if I use Assisted Fill. [For]
error rate, I needed to be very low because otherwise I would
have to do almost everything manually after.”
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Figure 7: A heat map generated with 16 pairs of sigmoid curves (Figure 6) across 16 error rate conditions, illustrating the
differences between the percentage of participants’ actual choices of choosing Assisted Fill and the percentage of participants’
optimal choices of choosing Assisted Fill. White areas indicate close to optimal choices, blue areas show overreliance on Assisted
Fill, and red areas show underreliance on Assisted Fill. Data used here was collected from participants’ answer to Question 1
before working on Task 3: Given X error rate, what is the longest time a participant is willing to wait for the Assisted Fill tool.

4.2.2  “Gut feeling” threshold. The second popular strategy is mak-
ing decisions based on a “gut feeling” derived from previous experi-
ences, which appeared in 39.4% percent of the quotes. Participants
who used this strategy did not mention that they estimated time or
speed, but emphasized that any waiting time or error rate above a
certain threshold would not be tolerable. For instance, participants
mentioned ‘T decided I am willing to ask for 45 seconds because, I
simply don’t want to wait more” and ‘I thought that 30 seconds is the
maximum time that a person won’t be bored and not focused.”

Some participants derived their threshold from other experiences
beyond the study. For example, one participant referred to their
experience watching YouTube advertisements, “even on YouTube
the max ad length is 30 seconds long (I guess, I use Premium) but it
is yet tolerable. And I don’t want to wait a long time for something
that is not even entirely useful to me.” Other participants referred to
“regular waiting time” and “acceptable error rate” as the basis for
their decision-making. One mentioned ‘I think we live in a society
where time is important, people don’t want to be idle for too long, and
due to the internet, people’s attention span is relatively short. Because
of that, I'd rather not wait too long without doing anything, and if
I had to wait longer for Assisted Fill to help me with a task, I would
prefer it to be worthwhile. Basically I'd want the error margin to be
worth the time I waited, otherwise I could just do it myself. Anything
more than a 30% chance of error would not be worth my time.”

For error rate, some participants referred to their expected per-
formance of state-of-the-art Al and mentioned that they would
not use Assisted Fill unless it is on par with their expectation. For
example, one participant mentioned: T thought that nowadays tools
like these can take a maximum of a pair of seconds to have this kind
of filling realized” and similarly, another participant mentioned:
“Given the range of error[s] that was presented to me, 75% was way
too much of a risk to take to have to wait around for an Al (I know
it’s not an Al it’s just for lack of a better term) to complete the task. I

would not be willing to wait more than 5 seconds for it to complete
what are very simple inputs.”

4.2.3  Fun and effort. Even when reducing time of completion was
stressed to be the main goal of the task, 26.6% of our participants
mentioned fun and effort as factors affecting their decision mak-
ing processes. While some participants found that filling in colors
manually is more fun, others found fixing colors from Assisted Fill
more fun. Some participants who enjoyed Manual Fill mentioned:

o ‘Tactually found more enjoyment from doing it manually.”

o “I'm impatient and I actually enjoyed it, and found this paint
by numbers therapeutic... And frankly it frustrated me to have
to review what the machine did in this specific case.”

o “In Manual mode, after a couple rows my brain and muscle
memory started to really help make the task easier, and thus
faster. And last but not least: Manual mode the filling in felt like
a game, a rhythm game to be exact, where it’s really satisfying
to get as many right as you can without missing "a beat" in
the string! :) (And I'm not generally someone who likes rhythm
games at all.) Automatic mode really did not feel satisfying.”

On the other hand, many other participants mentioned that
Assisted Fill is more fun. For example:

e “Correcting the auto-fill [Assisted Fill] mistakes wasn’t bad at
all so I didn’t mind a higher mistake rate.”

o “Tthink it’s much easier to not notice the wrong colors when you
use the associated tool, when you do it manually it’s almost
impossible to get confused about it.”

o ‘T found Assisted Fill more fun so I would choose this, it was
more pleasant (error rate 60)”

o “Half full is easier than starting from scratch.”

Not surprisingly, waiting was mentioned to be “boring” for a few
participants, which influenced their decision making. For example,
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Figure 8: Four plots illustrating key patterns in chosen versus optimal percentages of using Assisted Fill given various latency
conditions. The y-axis in each chart represents the percentage of participants choosing Assisted Fill, with y = 1 meaning
everyone chose Assisted Fill and y = 0 indicating no one chose Assisted Fill. The x-axis represents the different error rate
conditions. The four horizontal charts represent these variables for increasing latency: 0s (top left), 30s (top right), 105s (bottom
left), and 210s (bottom right). Sigmoid curves are fitted to the raw data to illustrate trends. Shaded areas around the red and
blue curves represent 1-sigma bootstrap confidence intervals [8, 40].

one mentioned: ‘T went based on the time I felt I could tolerate wait-
ing before getting bored”. Another participant shared: “I'm a very
impatient person, so I prefer to do things myself more than waiting.”

5 Discussion

5.1 Decision-making Support Beyond
Presenting AI’s Performance

Understanding humans’ decision making process of when to use or
not use an automation is not a new topic in HCI. As early as 1983,
Bainbridge [1] pointed out that designers of automated systems
often leave human operators with a collection of arbitrary tasks
and offer little thought to providing support for them, resulting in
failed human-computer collaboration and “ironies of automation.”

In recent years, human-Al interaction researchers have also rec-
ognized that merely developing better models does not lead to effec-
tive collaboration between humans and automated systems [39, 53].
To better facilitate human-Al interaction, researchers highlighted
the importance of providing information on model performance
and explanations to facilitate appropriate reliance on and trust in

Al systems [64, 66, 68]. Our study illustrates that having informa-
tion about GenAlI support tools’ performance does not guarantee
users will make better decisions on when to use or not use GenAl.
This finding also echoes previous HCI research by Kloft et al. [24],
illustrating that people are biased in their assessment of an AI’s
performance even when they were informed by verbal descriptions
of the Al Specifically, they found that people judged performance
with Al-assistance as superior, even when in fact the Al used in the
experiment was nonfunctional. In algorithmic decision-making in
healthcare, Cao et al. [4] found that people’s reliance on an AI’s
answer is impacted by how model uncertainty is communicated.
Extending prior studies on binary decision-making with AlI, our
study identifies and characterizes the gulfs of underreliance and
overreliance that occur when people are presented with different
waiting times and error rates in the context of human-GenAI col-
laboration. Interaction with GenAlI has unique characteristics and
challenges, as it often involves open-ended solutions, unpredictable
outputs, and iterative workflows where generated results serve
as intermediate outcomes that users must refine and correct to
achieve their ideal results. Our findings highlight that merely
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between the percentage of participants’ actual choices of choosing Assisted Fill and the percentage of participants’ optimal
choices of choosing Assisted Fill. White areas indicate close to optimal choices, blue areas show overreliance on Assisted Fill,
and red areas show underreliance on Assisted Fill. Data used here was collected from participants’ answer to Question 2 before
working on Task 3: Given X latency, what is the largest error rate a participant is willing to tolerate for Assisted Fill.
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presenting information about the model’s performance is help bridge the gulfs of impatience and overreliance in human-
not enough in helping users make optimal decisions about GenAl interaction that we identified, we offer the following three
whether or not to use a GenAl productivity support tool. To design implications that designers can consider:
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Figure 11: Strip plots illustrating the distribution of differences between chosen and optimal latency (top) and error rate
(bottom) by adoption of strategy. The orange strip plots illustrate the distribution of participants who leveraged a certain
strategy and the green strip plot illustrate the distribution of participants who did not leverage that strategy. The dashed lines
represent the medians of each group. There is not much difference across each pair.

o DI1: Collect user performance data, so systems can calculate
and respond to individual behavior patterns.

e DI2: Leverage Ul design techniques to calibrate impatience
and overreliance.

e DI3: Design for non-blocking Al in suitable scenarios to
avoid suboptimal decisions.

5.1.1 DI1: Collect User Performance Data. For our study, we de-
signed a system that collects participants’ performance data, en-
abling us to calculate participants’ optimal choices of when to use
or not use the Assisted Fill tool. This illustrates the value of col-
lecting user performance data when designing GenAl systems for
productivity support. For supporting tasks containing processes
that are repetitive in nature, like 3D modeling, systems could gather
performance data, estimate the impact of the GenAlI tools, and re-
spond to users’ behavioral patterns to address suboptimal decisions.
For instance, Mozannar et al. [39] have developed a system for pro-
grammers to retrospectively document how much time they spend
on each type of common activity when interacting with Copilot.
Future research could explore automatic documentation of users’
performance on various tasks with and without GenAI’s support.

5.1.2  DI2: Leverage Ul Design Techniques. In line with Norman’s
paper on appropriately designing for automation [41], recent re-
search [5, 53] stressed the importance for GenAlI tools to continu-
ously provide relevant feedback to users about the system’s state.
We suggest that researchers and designers attend to interface de-
sign, learning from researchers studying earlier generations of
computing systems including progress bars, loading screens, and
countdown interfaces. These elements can be leveraged to calibrate

users’ perceived waiting time, trust and reliance [10, 15, 18, 25, 55].
For instance, Harrison et al. [15] found that progress bar with rip-
ples heading left makes progress appear faster than it really is, and
more recently Komatsu et al. [25] found that people’s perception
of time can be impacted by the interface design of countdown and
countup screens. Therefore, when systems collect users’ perfor-
mance data and know users’ tendency to be either impatient for Al
or overreliant on Al such UI design techniques could be strategi-
cally leveraged to nudge users towards the optimal choice in that
situation and help bridge decision-making gaps.

5.1.3  DI3: Design for Non-Blocking GenAl. While not universally
applicable, there are certain scenarios in which it is possible to
completely avoid having users decide between using or not using
GenAl This is another strategy that designers can employ to re-
duce users’ cognitive burden and prevent suboptimal decisions.
Concretely, we recommend that system designers seek ways to
embed GenAl in non-blocking tasks or have GenAlI operate in the
background. Non-blocking GenAI tasks reduce the the weight of
the decision of whether or not to use GenAl and its impact on the
user’s productivity. While the GenAl operates asynchronously in
the background, the user can engage with other subtasks while
waiting for the GenAl system to complete. Since users can still
make progress while waiting for the Al to complete, impatience
or underreliance may be less of a concern as the user can keep
themselves busy with other useful tasks, and overreliance on the Al
may also be less problematic since this suboptimal choice may have
much less impact on the users’ overall productivity. For certain
tasks, it may even be possible to distribute the work between the
GenAl system and the user. The user could be handed tricky edge
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cases that the GenAlI has difficulties handling, while the GenAI
works away on less complex aspects of the task. In these situations,
the user and GenAl could work in parallel on the same task in a
mixed-initiative way [19], with smart merging of the results from
the GenAlI and from the user. In summary, we recommend designers
to seek ways of embedding GenAlI in the background whenever fea-
sible, particularly where tasks can be non-blocking. This approach
minimizes the number of factors users must consider, simplifying
their workflow, and mitigating risk of suboptimal decision-making.

5.2 Task Delegation for Different Types of
Imperfect A

Desired roles of Al in human-AI collaboration have been discussed
from different perspectives such as roles in creativity processes
[36, 69], ideation processes [37] and data storytelling [29]. Zhou et
al. [69] also argued diverse Al roles may need to be implemented
simultaneously to fulfill users’ diverse needs.

Categorizing Al through the focus on reliance and productivity,
Figure 10 illustrates four distinct types of Al agents — “smart AI”,
“dumb AI”, “smart but slow AI”, and “fast but dumb AI”. Beyond
illustrating how well people make decisions around when to use
or not use GenAl given different latency and error rate conditions,
Figure 10 also sheds light on people’s preferences on collaborating
with different types of Al agents. We found that users are great
at embracing the “smart AI” and avoiding the “dumb AL” Even
though researchers hope to advance Al so that all Al tools eventu-
ally have minimal latency and error rate, given limited resources,
understanding how people work with less than perfect Al is at the
moment more valuable in supporting collaboration, productivity,
and satisfaction in human-AI interaction.

As shown in Figure 10, people tend to over-rely on “smart but
slow AI” as well as “fast but dumb AL’ which echoes past research
in trust [28] and cognitive offloading [49], and suggests potential
design opportunities for affording task delegation to different types
of Al assistance. High accuracy Al that may be slow to produce
output (i.e. “smart but slow AI”) still provides users a sense of trust
for completing the task that requires precision with high quality
results. Past research found that trust is especially important for
navigating uncertainty [28], which is a key challenge of interacting
with GenAl Therefore, as people prioritize trust to avoid uncer-
tainty and complexity, they might prefer to work with “smart but
slow AT” for tasks that require precision, even if it might be at the
cost of their productivity, so that there is more time available to
focus on more strategic and creative tasks. Overreliance on “fast
but dumb AI” echoes research in cognitive psychology that sug-
gests that people seek ways to offload mental work. A “fast but
dumb AI” can provide a quick rough draft solution, allowing people
to bypass the initial, often most mentally taxing, part of a task
quickly [49]. Thus people might have the tendency to also over-rely
on “fast but dumb AI” to start the initial work and then correct their
mistakes, even if the total completion time might be longer than
doing everything on their own. Therefore, we believe that a solid
understanding of different types of imperfect Al is valuable for ad-
vancing human-Al collaboration given limited resources. Previous
work on the desired quality of fabrication automation found that
people hope to be able to negotiate trade-offs between time, quality,
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and cost [65]. Our study aligns with these findings and shows the
potential of enabling users to delegate tasks to different types of Al
agents, or perhaps even allowing systems to delegate tasks on the
user’s behalf in certain scenarios.

To effectively leverage task delegation in human-GenAlI work-
flows, we see a couple of promising opportunities for future re-
search. One avenue is exploring how users rely on different types
of imperfect Al for different tasks and scenarios. We propose that
future studies investigate how users interact with GenAlI systems
across multiple tasks within a single workflow. These studies could
focus on how users’ reliance on AI would shift when interacting
with different types of Al imperfections. For instance, we hypoth-
esize that users would be less sensitive to waiting time and more
inclined to prefer "slow but smart AI" for non-blocking tasks, as op-
posed to blocking tasks that require immediate feedback. Secondly,
we also see potential in better understanding how delegation of
different tasks to different types of imperfect AI would impact users’
performance and satisfaction. In our study, we could already start to
infer some preferences for different types of imperfect GenAl (Fig-
ure 10). Recent work has started to understand users’ performance
and preferences for Al-initiated delegation in decision-making tasks
[16, 17, 23]. Future research could look into delegating various tasks
that are involved in human-GenAlI interaction.

5.3 Limitations and Future Work

We recognize that our study comes with some limitations. We ex-
plored one type of task and one type of GenAl assisted tool using a
simulated environment, and prioritized controllability (or precision)
in our online experiment. GenAlI tools in real-world applications are
different from a simulation, and this combined with the controlled
nature of the study may have come at the expense of realism [38,
p- 155]. However, as discussed in our methodology section, con-
ducting a controlled experiment like ours presents “both opportu-
nities for gaining knowledge and limitations to that knowledge”
[38, p. 154]. Additionally, not all tasks supported by GenAlI tools
require high accuracy like coding, 3D modeling, or the task that we
simulated in our experiment. For other tasks, GenAl support tools
such as text-to-image models or Large Language Models could be
extremely useful for brainstorming during early stages of design or
communication processes of design [20]. In those scenarios, output
manipulation might not be required and productivity and efficiency
could be understood differently. Shi and Deng [52] also showed that
users might have different preferences on when and how latency
or delay is communicated when interacting with Al-enabled tools.

Therefore, we hope to inspire further research to explore how
people make their decisions around when to use or not to use GenAI
for different types of scenarios and modes of interaction, which we
will discuss in the next subsections.

5.3.1 Extending the Methodology to Other Types of Tasks and Tools.
As discussed above, people are leveraging GenAl for a diverse range
of tasks. Our experiment focused on people’s decision-making for
blocking tasks, where users have to wait for the GenAl tool to finish
before moving on to the next steps. However, GenAl is also being
used for non-blocking tasks, where users can continue working on
other tasks while waiting for GenAl to complete an intermediary
output. Future HCI research could look into decision-making for



CHI ’25, April 26-May 01, 2025, Yokohama, Japan

GenAl-supported tasks that are non-blocking and ways to support
users in these scenarios. Another interesting opportunity would be
to extend our method to study non-blocking GenAI Researchers
could also leverage our methodology to vary other conditions like
difficulty in identifying errors and UI design for nudging people to
make more optimal decisions, and extending to other automation-
assisted decision-making tasks beyond GenAlI.

5.3.2  Long-Term Versus Short-Term Use. We studied how people
make choices within a short period of time. However, people learn
from past experiences and could eventually get better at making
decisions on whether to use or not to use GenAl under different
circumstances. Therefore, we see value in conducting a longer ex-
periment or longitudinal study on how people’s decision processes
change through their interaction with generative Al support tools.
This avenue of exploration was also explicitly pointed out by one
of our participants by stating “I hoped to try them for longer”

5.3.3 Judgment and Decision Making. Past theories in judgment
and decision-making [22] also become critical when bringing our
experiment results to real-world situations. Scholars in HCI and be-
havioral psychology [21, 60] have long emphasized the importance
of recognizing sociotechnical factors beyond rationality. As GenAl
support tools are no longer limited to supporting completion of
a specific type of task, but shifting how human work takes place
[56, 67] and impacting how teams collaborate [14, 56], it is more and
more important to acknowledge the complexity of judgment and
decision-making. As early as the 1980s, Lucy Suchman’s influential
work on Al research at the time, called for a shift from “plan” to
“situated action,” recognizing that people’s decision-making pro-
cesses go beyond rationalistic calculation and execution [54]. This
is echoed by our findings. Participants described relying on various
strategies to make their decisions. Thus, we believe longitudinal
studies and ethnographic research beyond controlled experiments
could be very valuable for human-AI interaction.

6 Conclusion

In this paper, we investigated people’s decision-making and reliance
on GenAl support tools for productivity enhancement. Our con-
trolled experiment illustrated the potential of creating a controlled
environment for systematically testing specific variables represent-
ing characteristics of GenAl Our study varied the latency and error
rate of a simulated GenAlI support tool, and revealed key patterns
in how users make or fail to make optimal decisions when deciding
whether to rely on GenAl automation. We identified and located the
“gulf of impatience” and the “gulf of overreliance”, extending the
concepts of overreliance and underreliance in ML-assisted decision
making to the context of using GenAlI to maximize productivity.
We highlighted three key strategies participants adopted when
making their decisions. While no particular strategy led to more
optimal decision making, our study illustrated the entanglement of
factors affecting participants’ decision-making processes. From our
findings, we distilled three design implications to better support
users in making informed decisions about whether to use GenAI
productivity tools, and suggest opportunities for leveraging task
delegation when interacting with various types of imperfect GenAlL
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