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Abstract
In mixed-initiative systems, the mode of AI assistance delivery can
be as consequential as the assistance itself. We investigated two as-
sistance delivery modes: on-demand help (users request via Button)
and pre-scheduled help (assistance delivered at user-selected inter-
vals, with user actions resetting the Timer). To evaluate thesemodes,
we selected Rush Hour puzzles as the human–AI collaborative task
because they capture elements of real-world problem solving such
as analysis, resource management, and decision-making under con-
straints. To enhance ecological validity, we imposed monetary costs
for both time and AI assistance, simulating scenarios where people
must balance implicit or explicit trade-offs such as time pressure,
financial limitations, or opportunity costs. Although task perfor-
mance was comparable across modes, participants who used the
pre-scheduled (Timer) mode reported more positive perceptions of
the AI, even when their ending budget was low. This suggests that
assistance delivery mode can shape user experience independent
of task outcomes, indicating that human-AI systems may need to
consider how AI assistance is delivered alongside improving task
performance.
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1 Introduction
A central challenge in mixed-initiative systems, where humans
and intelligent systems jointly control task execution, lies in de-
termining the appropriate timing of assistance under uncertainty
about user intentions and attentional state [28]. This timing prob-
lem manifests across domains. Navigation systems may reroute
drivers mid-journey, misinterpreting a scenic detour as inefficiency.
Educational platforms risk encouraging overreliance by offering
hints that solve the problem too early or too directly [34]. Health-
care applications can send reminders at inopportune times, such as
during work or late at night, reducing the likelihood that users will
act on them. In each case, poorly timed assistance can undermine
user agency, disrupt cognitive processes, or miss moments when
help is genuinely needed [47, 64].

Horvitz’s framework on mixed-initiative interfaces proposed
balancing user-initiated and system-initiated interactions, arguing
for approaches that dynamically allocate initiative [28]. Building
on this framework, contemporary systems typically implement two
assistance modes: on-demand (reactive) help, where users maintain
full control by explicitly requesting assistance, and proactive (antic-
ipatory) help, where systems anticipate needs based on contextual
cues [43, 45]. On-demand assistance preserves user autonomy but
requires users to interrupt their workflow and recognize when they
need help. Proactive assistance can improve timeliness and reduce
user burden, but faces a fundamental challenge: AI systems struggle
to accurately infer user intent and attentional state [7]. This can
lead to intrusions at inopportune moments that diminish a user’s
sense of control [5, 38].

To address the limitations of fully automated proactive timing,
many real-world systems now adopt hybrid approaches that del-
egate timing decisions to the AI while giving users control over
the parameters that govern when and how assistance is provided.
These hybrids take two primary forms. Scheduled assistance trig-
gers at fixed, user-defined intervals, such as medication reminders
that alert users every few hours [30, 53, 54] or productivity tools
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like OpenAI Tasks in ChatGPT 1 that perform recurring actions
or send reminders at preset times. Inactivity-triggered assistance
or idle-time assistance, on the other hand, responds to behavioral
cues, providing help when the system detects prolonged pauses
or lack of engagement. For example, tutoring systems can surface
hints after periods of inactivity [20], or safety features like Apple’s
Check In 2 escalate alerts when no response is detected. While both
approaches aim to balance timeliness with user control, inactivity-
triggered modes are particularly promising because they adapt to
user behavior in real-time rather than operating on fixed schedules.
Yet despite their prevalence in practice, we lack an understanding
of whether and how inactivity-triggered assistance impacts user
experience compared to pure on-demand help.

Understanding these dynamics is critical for designing adaptive
systems that are both effective and respectful of user autonomy, but
it is complicated by two factors. First, in real-world contexts, when
help is offered is often entangled withwhat form of help is provided,
making it difficult to isolate the effects of timing mechanisms [63].
Second, most empirical studies have examined one-shot interactions
where assistance is provided once, rather than sequential problem-
solving scenarios where users engage with AI assistance repeatedly
and develop adaptive strategies [62].

To explore these gaps, we conducted a controlled study examin-
ing how different assistance-timing mechanisms influence percep-
tions of helpfulness and problem-solving outcomes under resource
constraints. We used Rush Hour puzzles3 as our testbed for a se-
quential problem-solving task where players slide blocking vehicles
to free a target car. Rush Hour embodies several properties that
are fundamental to a broad class of real-world problem-solving
scenarios, including time pressure, the need for human reason-
ing in multi-step planning, and opportunities to seek help. Such
characteristics are common across domains in which people increas-
ingly collaborate with AI systems. For example, software debugging
often requires stepwise hypothesis formation and testing under
time constraints, where developers must decide when to inspect
intermediate program states, introduce diagnostic tools, or consult
documentation [39]. Similarly, diagnosing and repairing household
appliances involves stepwise troubleshooting, where users decide
when to consult external guidance, test hypotheses, or proceed with
hands-on actions [11]. By abstracting these shared properties into
a controlled puzzle environment, Rush Hour enables the timing of
assistance to be manipulated independently of assistance content,
providing insights that may generalize to a broad class of human-AI
collaborative problem-solving scenarios.

To instantiate resource constraints relevant to real-world help-
seeking, we designed an interactive, budget-constrained environ-
ment in which a decaying monetary budget represented temporal
cost (1¢ per second), and each AI intervention incurred an additional
5¢ deduction to simulate the resource cost of seeking assistance.
During the study, the AI determined which cars to move based on
the current puzzle state, while participants controlled when and
how much help to receive through two assistance mechanisms.

1https://help.openai.com/en/articles/10291617-tasks-in-chatgpt
2https://support.apple.com/guide/personal-safety/use-check-in-for-messages-
ips56b5bc469/web
3https://en.wikipedia.org/wiki/Rush_Hour_(puzzle)

In the Button condition, participants initiated assistance explic-
itly by requesting AI help during play and specifying the desired
assistance length (e.g., a 3-move or 5-move sequence). In the Timer
condition, participants initiated assistance implicitly by configuring
inactivity thresholds, such that AI help was triggered automatically
after a user-defined period of inactivity (e.g., “provide 5 moves if I’m
idle for 10 seconds”). Each of these conditions instantiates a canoni-
cal form of initiative allocation: user initiative and system initiative.
On-demand assistance via a button operationalizes user initiative,
in which users explicitly decide when to invoke automation and
specify the scope of assistance, consistent with frameworks that em-
phasize manual invocation and direct control [9, 50]. Timer-based
assistance operationalizes a constrained form of system initiative,
in which intervention is triggered automatically based on behav-
ioral cues and bounded by user-defined parameters. This design
aligns with hybrid and adjustable-autonomy approaches that shift
initiative to the system while preserving user oversight [9]. We
selected these two modes because they are theoretically grounded
[9, 50] and widely adopted in deployed systems such as ChatGPT 4

and Apple’s Check In 5. While prior work has characterized broad
paradigms of human–AI interaction (e.g., dialogic, continuous, and
proactive systems) [61], our work focuses on a fundamental design
dimension within these paradigms, namely how initiative over as-
sistance onset is allocated between the user and the system. We
compare the two modes under identical budget constraints to ex-
amine how different initiative allocations shape user experience,
perceptions of AI helpfulness, and problem-solving performance.

Our findings (𝑁 = 66) reveal that assistance delivery mode
shapes user experience independent of task outcomes, suggesting
that how AI help is provided may matter as much as what help is
provided. This has implications for both the design and evaluation
of collaborative AI systems. From a design perspective, interac-
tion modality including timing, initiative, and control mechanisms
should be treated as a first-class concern alongside capability im-
provements. From an evaluation perspective, performance metrics
alone may provide an incomplete picture, and assessments should
incorporate experiential measures that capture how different inter-
action paradigms affect user satisfaction and sense of agency.

This work makes three contributions:

• We introduce an experimental framework that decouples
when help is provided from what help is provided, allow-
ing the timing of assistance to be studied independently of
content.

• The work provides empirical evidence that user experience,
encompassing perceived autonomy, AI competence, and
helpfulness, is as critical as task performance in shaping
preferences for AI assistance.

• Our findings show that inactivity-triggered assistance is a
viable design option for collaborative AI in multistep reason-
ing and problem-solving tasks. This finding reveals broader
design implications for how timing, control, and system ini-
tiative should be balanced in human-AI collaboration.

4https://chat.openai.com
5https://support.apple.com/guide/personal-safety/use-check-in-for-messages-
ips56b5bc469/web
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2 Related Work
Our work builds on prior research at the intersection of mixed-
initiative systems, and human agency in human-AI collaboration.

2.1 Mixed-Initiative Interactions
Human-AI collaboration has long been studied as a means to lever-
age the complementary strengths of humans and AI, in some cases
leading to improved outcomes compared to either working alone
[60]. A key paradigm in human-AI interaction is mixed-initiative
interaction, where both human and AI can initiate an action, with
control dynamically shared based on context and capability rather
than being pre-assigned [3]. In this line of work, Horvitz [28] pro-
posed the notion of “elegant coupling,” the idea that assistance is
most effective when delivered in synchrony with the user’s context
and attention. The LookOut project exemplifies this principle in a
calendar system which uses text parsing and probabilistic inference
to predict when a user may want to schedule an event [28]. Look-
Out supports multiple interaction modes, including an automated
assistance mode in which the system initiates actions based on its
inferred user intentions.

Realizing elegant coupling in practice requires addressing a cru-
cial design question: when and how should system actions be trig-
gered? Research on attention-sensitive alerting developed models
for determining opportune moments for system intervention based
on contextual cues [29], drawing on foundational work in context-
aware computing [1] and the distinction between implicit and ex-
plicit interaction modes [56]. However, empirical evidence suggests
that users have varying preferences for automatic versus manual
control, with the optimal balance depending on task characteristics
and individual differences [31]. These design considerations around
triggering mechanisms have significant implications for how users
experience and exercise agency in real-world AI systems.

Contemporary AI systems implement increasingly agentic ca-
pabilities, operating across broader contexts and supporting more
complex workflows than early mixed-initiative systems [4]. For
example, GitHub Copilot 6 can generate code suggestions based on
the current file, cursor location, and recent edits. Beyond basic code
completion, Chen et al. [12] proposed a proactive AI coding assis-
tant that can leverage both the developer’s code and surrounding
context, like chat history, to provide timely, integrable suggestions.
Their user study showed that a proactive assistant can enhance
both programmer productivity and user experience. In the domain
of mental health support, Liu et al. [40] introduced ComPeer, a
proactive conversational peer-support agent that can self-initiate
messages based on previous user interactions and regulate the fre-
quency of its outreach. Their study demonstrated that this proactive
design led to improved stress management and higher user satis-
faction compared to a purely user-initiated conversational agent.
Similarly, Kuang et al. [35] investigated the impact of proactive
conversational AI in the domain of UX evaluation, examining how
timing, whether suggestions appear before, during, or after usabil-
ity problems, affects evaluator experiences. In a hybrid Wizard-of-
Oz study, they found that while the overall analytic performance
did not differ significantly across different timings, participants

6https://github.com/features/copilot

preferred suggestions that appeared immediately after a potential
usability problem occurred.

Mixed-initiative research has long emphasized the value of
dynamically negotiated control, with the timing of assistance
identified as a critical design factor [13]. Prior work on attention-
sensitive alerting illustrates one approach to deciding when a
system should take initiative, using models of user attention and
expected utility [29]. Yet, less is known about how assistance
timing should be structured and experienced within ongoing
problem-solving tasks. Systems discussed earlier have relied
on rule-based or heuristic methods specified by the designer to
decide when to initiate assistance. In contrast, our work examines
assistance timing within multistep problem solving by studying
user-driven triggering mechanisms. By empirically comparing on-
demand and inactivity-triggered assistance, our work complements
prior mixed-initiative interaction research [28, 29] with evidence
on how assistance timing mechanisms shape user attitudes and
perceptions of the AI.

2.2 Agency and Control in Human-AI
Collaboration

Decisions about who holds initiative and control in human-AI in-
teraction have long been framed as a critical design choice. Early
theoretical frameworks established foundational concepts for un-
derstanding this distribution of control. Parasuraman et al. [50]
describes types and levels of human interaction with automation,
demonstrating how sensing, deciding, and acting can be allocated
across human and machine agents. Building on this foundation,
research on adjustable autonomy systems identified key dimen-
sions along which control can be dynamically negotiated between
humans and autonomous agents [9]. These theoretical insights
have been translated into concrete design guidelines for human-AI
interaction, including principles such as efficient invocation and
dismissal, as well as mechanisms for global control that allow users
to customize what the AI monitors and how it behaves [4].

Empirical studies demonstrate how these dynamics unfold in
practice. A study by Kang and Lou [32] with TikTok users found that
users both welcome AI-driven personalization and intentionally
influence AI algorithms to make them better cater to their needs.
This bidirectional agency between humans and AI shapes patterns
of user engagement and demonstrates how platform-mediated co-
agency can transform user experiences. However, sustaining human
agency requires more than bidirectional influence. Fanni et al. [19]
argue that contestability and redress mechanisms, which allow
users to challenge or reverse AI decisions, are essential to safe-
guarding autonomy.

As full AI automation remains limited, recent work has shifted
toward characterizing human–AI collaboration. One framework
proposes a unified model organized around agency, interaction, and
adaptation, developed through literature synthesis and expert in-
terviews to describe and analyze complex human–AI systems [27].
However, key design questions remain underexplored, particularly
regarding the temporal dimension of AI assistance. Building on this
prior work, our study investigates how these dynamics play out
in a collaborative problem-solving context where humans and AI
jointly contribute to outcomes. We specifically decouple the timing
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of assistance from the amount and content of assistance, address-
ing a recurring challenge in mixed-initiative research where these
dimensions are often conflated. Isolating timing effects enables us
to derive clearer insights for informing the design of human-AI
collaboration in problem-solving.

3 Task Design
To systematically investigate how different modalities of AI assis-
tance shape collaborative problem-solving, we designed a controlled
study using Rush Hour puzzles, a task that captures key character-
istics of collaboration while enabling precise manipulation of when
and how AI provides help.

Rush Hour puzzles offer a well-defined, goal-oriented problem
space that is both accessible and cognitively demanding. The puzzle
is played on a 6 × 6 grid populated with cars one square wide and
two or three squares long, oriented either horizontally or vertically.
Cars can move one square at a time along their orientation, but
cannot overlap or move outside the grid. The player’s objective is
to move the blocking vehicles to create a path for the red car to exit
from the right side of the grid.

Rush Hour requires sequential and spatial reasoning, providing a
structured challenge thatmakes patterns of help-seeking observable.
The task has clear, objective metrics such as minimum moves to
completion and progress, which support evaluation of performance.
At the same time, the rules are easy to learn and require no prior
expertise, ensuring participants can quickly learn how to do the
puzzles.

3.1 AI Assistance
We implemented AI assistance in both modes using a determin-
istic breadth-first search (BFS) algorithm [42]. BFS systematically
explores the puzzle space and guarantees the shortest solution
(fewest moves) from the current puzzle state. This was done to
ensure consistent and optimal assistance across trials, allowing
observed differences to be attributed to the mode of assistance
delivery.

3.1.1 Assistance Modes. Based on the mixed-initiative system de-
sign framework proposed by van Berkel et al. [61], which charac-
terizes human–AI interaction in terms of different allocations of
initiative between the user and the system, we implemented two
assistance modes as shown in Figure 1:

• Button mode. Users request help on-demand by clicking a
help Button and specifying the number of moves they want
AI to help with. The requested number of moves is executed
immediately, and the corresponding cost is deducted from
the budget.

• Timer mode. Before starting each puzzle, users configure an
idle-time threshold and the number of moves to receive. If
they remain inactive beyond the threshold, the AI automati-
cally intervenes with the requested number of moves. If the
user moves a puzzle piece before the threshold is reached, the
Timer resets. These parameters cannot be adjusted during
the puzzle.

These two modes operationalize user-initiated versus system-
initiated support under human instruction. The Button mode gives

users direct control, letting them decide both when to request help
and how much to receive. This mirrors traditional help-seeking
behavior, where users consciously choose when to consult an AI
resource.

In the Timer mode, assistance is triggered by user-defined peri-
ods of inactivity, introducing a proactive element that shifts some
initiative to the AI. For example, if a participant sets the thresh-
old to 10 seconds, the system monitors activity and provides help
automatically after 10 seconds of no puzzle moves; any user ac-
tion resets the Timer. This design addresses a key challenge in
proactive AI systems where determining the optimal moment for
intervention, i.e., the “Goldilocks Time Window” [18], remains dif-
ficult for AI to assess autonomously and risks interrupting users
at inopportune times. By allowing users to define the inactivity
threshold that triggers assistance, the Timer mode delegates this
judgment to users while maintaining system proactivity. This ap-
proach aligns with recommendations that AI systems adapt their
level of proactivity to user preferences [13, 41], and reflects real-
world scenarios where autonomous agents respond to situational
cues within human-specified boundaries.

3.2 Budget Structure
To simulate real-world problem-solving under time pressure and to
incentivize active engagement [37], we implemented a structured
cost system, an approach that has been adopted in prior research
[17, 33]. At the start of each puzzle, participants were given $3,
displayed at the top of the puzzle board. The budget decreased
according to two cost types:

• Time cost: every elapsed second deducts $0.01.
• AI assistance cost: each AI move deducts $0.05.

This created a maximum of 300 seconds to solve a puzzle without
assistance. When AI help was requested or triggered, the corre-
sponding cost was deducted immediately, and the budget continued
to decrease with the passage of time while the AI executed moves.
The AI required half a second to select a car and half a second to
move it. For consecutive moves of the same car, the AI only needed
to select the car once. The remaining budget at puzzle completion
was recorded. If the budget reached zero before the puzzle was
completed, the study continued to the next puzzle.

The budget system was refined through pilot testing to balance
fairness and challenge. Participants could maximize their earnings
by solving independently or using assistance strategically when
stuck. Reliance on the AI alone was not sufficient, since some puz-
zles could not be solved in time given the AI’s move speed, and
puzzle difficulty and solution length were unknown in advance.
This uncertainty encouraged careful trade-offs between conserving
budget and leveraging AI assistance.

4 User Study
We conducted a controlled online user study to examine how differ-
ent assistance delivery modes influence problem-solving progress,
problem-solving efficiency, and perceptions of AI assistance.

In this study, we investigated two main research questions:
RQ1: How do Button and Timermodes influence problem-solving

efficiency, resource usage, and progress under time and budget
constraints?
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Figure 1: Study System Design. (a) Users can use their mouse to select a car (any colored rectangle), which will be highlighted
with a dashed outline, and use the keyboard arrow keys to move the selected car. The two modes of AI assistance are: (b) Button
mode: Users may request help at any time during puzzle solving by clicking the Help Button and specifying the number of
moves they want AI to help with. The chosen number of moves is preserved for future requests but can be adjusted at any time.
(c) Timer mode: Before starting a puzzle, users define an idle-time threshold and the number of moves they want AI to help
with. If the user remains inactive (neither selecting nor moving a car) past the idle-time threshold, AI assistance is triggered. If
the user selects or moves a puzzle piece before the idle-time threshold is reached, the Timer resets. These parameters cannot
be changed during puzzle solving. (d) When AI assistance is triggered, the AI takes control of the board and performs the
requested number of moves, with each move associated with a cost of $0.05, deducted from the budget upon activation, in both
conditions. While the AI assistant is active, the user may interrupt assistance by clicking on the Stop Help Button available in
both conditions. There is a time cost of $0.01/second in both assistance conditions.

RQ2: How do these assistance modes impact user perception of
AI’s competence, helpfulness, and collaboration?

By addressing these questions, this work aims to advance our
understanding of timing control in mixed-initiative systems, specif-
ically how users balance autonomy, efficiency, and support when
assistance carries an explicit cost.

4.1 Participants
To determine the required sample size, an a priori power analysis
was conducted for an ANCOVA with two experimental conditions
(Button and Timer conditions) and one covariate. Assuming a large
effect size of 𝑓 = 0.45, 𝛼 = 0.05, 1 − 𝛽 = 0.80, the analysis indicated
a minimum sample size of 41. To maintain equal group sizes across
the two AI-assisted conditions and the control group, we recruited
a total of 66 participants (22 participants per condition, 35 male,
30 female, 1 non-binary). Participants also reported their AI usage
frequency across four categories: daily (𝑁 = 25), a few times a week
(𝑁 = 26), a few times a month (𝑁 = 13), and never (𝑁 = 2). We
recruited participants through Prolific7 for an online experiment
conducted via a custom web interface. Eligible participants were
required to have an approval rate of at least 99%, and be fluent in
English, as all study instructions and pre-/post-study questionnaires
were administered in English. Each participant received $4 base
compensation for the approximately 30-minute study session, plus
a task-based bonus determined by the budget system described in
Section 3.2. Participants received a bonus equal to their average
remaining budget across the seven puzzles (two baseline puzzles
and five main study task puzzles).

7https://www.prolific.com

4.2 Procedure
Participants were randomly assigned to one of three conditions:
(1) Control condition with no AI assistance; (2) Button condi-
tion where help could be requested via a Button; and (3) Timer
condition where assistance was delivered after a user-defined idle
threshold. See Figure 2 for an illustrated study procedure. The study
began with participants providing informed consent (IRB protocol
#38-25-0458) followed by an introduction screen explaining the
Rush Hour puzzle rules, keyboard control method, study objectives,
and the budget system. Participants then completed a pre-study
questionnaire capturing demographic information, prior experience
with AI tools, and the Affinity for Technology Scale (ATI) [22].

Next, participants completed a practice task consisting of two
puzzles. For all participants, the first puzzle was completed without
AI assistance to familiarize them with the interface. The second
puzzle was completed under the participant’s assigned condition,
which was either Button, Timer, or Control with no assistance.
Following practice, all participants solved two puzzles without AI
assistance to establish baseline problem-solving ability. The same
puzzles, with a fixed order, were used for all participants.

In the main study phase, participants solved five puzzles with
varying difficulty levels using the assistance mode assigned to their
condition. Puzzle order was counterbalanced across participants
using a balanced Latin square [8]. Before starting each puzzle, par-
ticipants viewed an information panel reminding them of the study
phase and how AI assistance could be requested. In the Timer as-
sistance condition, this panel also included a configuration module
for setting the idle-time threshold and the number of moves to
receive help with. The puzzle was revealed only after participants
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Introduction, 
Consent Form & 

Pre-Study 
Questionnaire

Participant

Conditions Baseline Task Main Task

Control 

(No Assistance)

Practice

Beginner

Practice 1 Beginner

IntermediatePractice 2

 Puzzle Order Counterbalanced 
via Balanced Latin Square

Starting Budget of $3 for Each Puzzle

Advanced

Intermediate

Intermediate

Advanced

Post-Study 
Questionnaire

On-Demand AI 
Assistance

Timer AI 
Assistance

Figure 2: Study Procedure. Participants began by reading an introduction to the Rush Hour puzzle and the study objectives,
followed by a pre-study questionnaire. They then completed two practice puzzles: the first without AI assistance to learn the
puzzle and controls, and the second with the AI assistant from their assigned condition. After practice, all participants solved
two puzzles of different difficulty levels without assistance to establish baseline puzzle-solving skills. They then proceeded to
the main study phase, which involved solving five puzzles of varying difficulty, working with the AI corresponding to their
assigned condition. The session concluded with a post-study questionnaire.

dismissed the information panel, at which point the costs began to
apply. Across all conditions, participants could reset a puzzle to its
initial state at any time using a reset button. Upon completing all
five puzzles, participants were directed to a post-study question-
naire. Screenshots of the study interface are shown in Figure 3.

4.3 Puzzle Selection
All participants received the same set of puzzles, drawn from an
online RushHour platform8. The platform defines four difficulty cat-
egories: beginner, intermediate, advanced, and expert, from which
we selected puzzles spanning three categories (beginner, interme-
diate, and advanced) to cover a range of difficulty levels while
avoiding ceiling and floor effects under the fixed time constraints.
The two baseline puzzles included one beginner and one interme-
diate puzzle, while the five main study puzzles consisted of one
beginner (puzzle 1), two intermediate (puzzle 2 & 3), and two ad-
vanced puzzles (puzzle 4 & 5). Each puzzle has a known optimum
number of moves needed to solve it; however, this information was
not revealed to participants.

4.4 Measures
To evaluate the impact of AI assistance on problem-solving, both
in comparison to human only (Control condition) and across the
two AI assistance modes (Button and Timer), we collected both
objective measures of performance and subjective feedback from
participants on their perceptions of the assistance.

4.4.1 Performance Measures. Performance was assessed across
three dimensions: (1) puzzle-solving progress, (2) puzzle-solving
precision, and (3) budget efficiency. To quantify these dimensions,
we introduce performance metrics. For a given puzzle, we define:

• 𝑂 = the optimum number of moves required to solve the
puzzle from the starting state.

• 𝑀 = the total number of moves, including the moves made
by both the human and the AI.

8http://www.mathsonline.org/game/jam.html

• 𝑅𝑖 = the number of moves remaining to solve the puzzle
at step 𝑖 where 𝑖 ∈ [1, 𝑀]. By definition, at the start of the
puzzle or its initial state (𝑖 = 1), 𝑅1 = 𝑂 .

• 𝐵 = the total amount of budget that was spent.
From these, we derive the following performance metrics:
(1) Puzzle-moves precision: For each puzzle, precision 𝑃 is de-

fined as:
𝑂 −𝑚𝑖𝑛1≤ 𝑗≤𝑀𝑅 𝑗

𝑀
By definition, 𝑃 = 1 when a puzzle is solved using the op-
timum number of moves, and 𝑃 decreases as additional un-
necessary moves are made.

(2) Maximum progress: First, for each puzzle, progress 𝐺 is de-
fined as:

𝑚𝑖𝑛11 ≤ 𝑗≤𝑀𝑅 𝑗−
𝑂

By definition, 𝐺 = 0 at the beginning of a puzzle and 𝐺 = 1
upon completion. Maximum progress for each puzzle is the
highest value of 𝐺 across all moves made.

(3) Remaining budget: The remaining budget for each puzzle.
Recorded at the time when the puzzle was solved or when
the budget was fully depleted, in which case the recorded
value was 0.

(4) Budget efficiency: For each puzzle, the budget efficiency is
defined as:

𝑂 −𝑚𝑖𝑛1≤ 𝑗≤𝑀𝑅 𝑗

𝐵
This metric represents the ratio between effective progress
towards the solution and the budget expenditure (including
time cost and AI cost). It quantifies the number of effective
moves made per dollar of budget spent.

4.4.2 Subjective Measures. Perceived workload was assessed using
the six-item short-form NASA-TLX questionnaire [24]. To capture
attitudes toward the AI assistance modes, we developed a set of
post-study questions, combining items adapted from established
questionnaires (𝑁 = 11) with custom questions tailored to the
puzzle-solving task (𝑁 = 7). The questions were adapted from: (1)
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Figure 3: User interface used in the user study. (a1) Instruction panel for the Button condition. (a2) User in control in the Button
condition. Users can adjust how many moves of help to receive for the next AI assistance. (a3) AI in control; users can click on
the Stop Help Button to terminate assistance. (b1) Instruction panel for the Timer condition, with a configuration module
below for users to set the idle-time threshold and the number of moves to help. (b2) User in control in the Timer condition. (b3)
AI in control; as in the Button condition, assistance can be terminated by clicking on the Stop Help Button. (c) Interface for the
control condition and baseline phase. Users may click on the “Reset Puzzle” button to reset the puzzle to its initial state. This
reset button is also available in both the Button and Timer conditions.

two questions from the Trust Perception Scale-HRI [55], a widely
used measure in human-AI collaboration research, focusing on per-
ceived competence, reliability, and other dimensions of AI trustwor-
thiness; (2) three questions inspired by the Technology Acceptance
Model [15], particularly its construct of “Perceived Usefulness,”
which evaluates the degree to which a person believes using a sys-
tem will enhance their task performance; (3) two questions derived
from the Teamwork Quality Scale [26], a framework for measur-
ing collaboration, including dimensions such as communication,
coordination, and mutual support; and (4) four questions based on
the perceived collaboration questions used in human-robot interac-
tion study [46], addressing satisfaction and perceptions of control.
These items allowed us to assess not only the cognitive demands
of the task but also participant perceptions of the AI assistance. All
questions were presented on a 7-point Likert scale (see Appendix A
for the full list of questions). We also included custom open-ended
questions to further probe participants’ experience. For those in
the AI-assisted conditions, these questions focused on the specific
assistance delivery mode they interacted with. For participants in
the control condition, the questions instead explored their general
attitudes toward receiving assistance and their preferred form of
AI assistance (See Appendix B for the full list of questions).

5 Quantitative Results
In total, we collected data from 66 participants. Each participant
completed two baseline puzzles and five main study puzzles. One
puzzle from P60 (Timer, male) was discarded for analysis due to
missing log data, resulting in a final dataset of 329 puzzle trials for
analysis.

To evaluate statistical differences in performance between the
three conditions, we employed generalized linear mixed models
(GLMMs) implemented with the glmmTMB package in R [10], se-
lecting the family and link function based on the data distribution
and model fit. For each performance metric, we specified condition
and puzzle difficulty (through the optimum number of moves, 𝑂)
as the primary predictors and used them as fixed effects. We ad-
ditionally included each participant’s average score on the same
metric across the two Baseline puzzles as a covariate to control for
individual skill levels. To account for variability across participants,
participant ID was modeled as a random intercept. To maintain
model interpretability, we focused on ecologically important effects
only [2]. Model convergence was checked for all fitted models, and
residual diagnostics were performed using DHARMa [25] to verify
distribution assumptions.

To assess significance, we applied Type II Wald-square tests us-
ing the car package in R for each fixed effect [21]. If condition was
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a significant predictor, we conducted post-hoc pairwise compar-
isons using estimated marginal means with Tukey adjustment for
multiple comparisons.

5.1 Task Performance
We evaluated participant performance on the five main task puzzles
(see Figure 2), examining differences across conditions.

5.1.1 Moves Precision. Given that the puzzle-moves precision is
a continuous measure bounded between 0 and 1, we employed
an ordered beta regression with a logit link, a family of models
designed specifically for bounded continuous or proportional data
[36].

Results show significant main effects for condition ( 2𝜒 = 17.654,
𝑝 < 0.001) and puzzle difficulty ( 2𝜒 = 9.610, 𝑝 = 0.002). Baseline
moves precision was not a significant predictor ( 2𝜒 = 2.742, 𝑝 =

0.098). Post-hoc pairwise comparisons indicate that the control
condition had a significantly lower moves precision than both the
Button (odds ratio = 0.483, 𝑝 = 0.001) and Timer (odds ratio = 0.463,
𝑝 < 0.001) conditions. No difference was observed between the
Button and the Timer conditions (odds ratio = 0.958, 𝑝 = 0.978).
See Figure 4.

5.1.2 Remaining Budget. For the remaining budget, values were
converted to proportions relative to the initial $3 budget, and an
ordered beta regression with a logit link was applied.

Results show significant main effects of condition ( 2𝜒 = 6.719,
𝑝 = 0.035), puzzle difficulty ( 2𝜒 = 283.791, 𝑝 < 0.001) and baseline
remaining budget ( 2𝜒 = 38.032, 𝑝 < 0.001). Post hoc analysis shows
that the Control condition had a significantly higher remaining
budget than the Timer condition (odds ratio = 1.56, 𝑝 = 0.049). The
Control condition also shows a trend towards higher remaining
budget than the Button condition, although this difference is not
significant (odds ratio = 1.50, 𝑝 = 0.080). No significant difference
was observed between the Button and the Timer conditions (odds
ratio = 1.04, 𝑝 = 0.964). See Figure 6a.

5.1.3 Budget Efficiency. For budget efficiency, a Gamma distribu-
tion with log link was applied due to its continuous and right-
skewed distribution. To satisfy the Gamma distribution’s require-
ment of strictly positive values, a small constant (𝜖) was added
to one data point where budget efficiency was zero (P17, Control,
Puzzle 3).

The results show significant effects of puzzle difficulty ( 2𝜒 =

59.680, 𝑝 < 0.001) and Baseline budget efficiency ( 2𝜒 = 40.073,
𝑝 < 0.001). However, condition did not have a significant effect
( 2𝜒 = 1.521, 𝑝 = 0.468).

5.1.4 Maximum Progress. Because maximum progress reflects the
proportion of each puzzle solved, we initially used an ordered beta
regression. However, the model failed to converge, likely due to
the large number of values equal to one (fully solved puzzles),
making it unsuitable for ordered beta regression. To resolve this,
we transformed the variable by computing 1−max progress, yielding
a new measure representing the proportion of the puzzle remaining
unsolved. This transformation shifted the distribution’s mass from
the upper to the lower bound. We then applied the Tweedie family

with a log link, which is well-suited for continuous data with a
spike at zero [57].

Baseline remaining progress shows a borderline effect ( 2𝜒 =

3.427, 𝑝 = 0.064) and puzzle difficulty shows a significant effect
( 2𝜒 = 53.693, 𝑝 < 0.001). Condition does not have a significant
effect ( 2𝜒 = 0.138, 𝑝 = 0.934).

5.1.5 Progress Over Time. Although overall progress across con-
ditions was similar, exploratory time-course analysis revealed nu-
anced differences for individual puzzles. In puzzle 2 (intermediate
difficulty, 𝑂 = 18), participants in the Timer condition showed
significantly greater progress compared to those in the Control
condition for most of the first 110 seconds. In puzzle 4 (advanced
difficulty, 𝑂 = 49), the Button condition outperformed the Con-
trol condition between 120 and 190 seconds. Similarly, in puzzle 5
(advanced difficulty, 𝑂 = 55), the Button condition maintained a
lead compared to the Control condition for most of the time from
approximately 40 to 250 seconds, while also sparingly leading near
the end until the budget was exhausted. See Figure 7 for progress
over time for each puzzle.

5.2 Behavioral Patterns
While the two AI assistance modes differed in how help was trig-
gered, we analyzed participants’ behavioral patterns to understand
how they engaged with each mode and how the differences may
have shaped their interaction strategies.

5.2.1 AI Usage. We analyzed the average number of AI-assisted
moves in puzzles with at least one instance of AI assistance using a
Gamma distribution with log link, including condition as a fixed
effect and participant ID as a random intercept. Puzzles where
no AI assistance was triggered, either because the user did not
request help via the button in the Button condition or because
the user’s idle time never exceeded the preset idle threshold in the
Timer condition, were excluded in this analysis, resulting in 77 valid
puzzles in the Button condition and 75 valid puzzles in the Timer
condition. No significant difference was found between the Button
(𝑀 = 24.182, 𝑆𝐷 = 14.186) and the Timer (𝑀 = 21.053, 𝑆𝐷 = 13.200)
conditions (𝑝 = 0.297). Similarly, no difference was observed in the
average number of AI help moves per request between the Button
(𝑀 = 6.454, 𝑆𝐷 = 6.490) and the Timer (𝑀 = 6.173, 𝑆𝐷 = 6.077)
conditions (𝑝 = 0.556).

5.2.2 Idle Time Before and After AI Assistance. Idle time, the period
during which participants took no action (selecting or moving a
car), is a key behavioral measure in our study. Because the budget
continuously decreased over time, participants were incentivized to
remain engaged throughout the task. As a result, we interpret idle
time as a period of deliberation, during which participants were
thinking or planning their next move, rather than disengaging from
the task. For this analysis, we included only puzzles with at least
one instance of AI assistance (Button: 𝑁 = 77; Timer: 𝑁 = 75).

To understand how participants used the Button mode, we an-
alyzed idle behavior preceding help requests. In this analysis, we
considered idle time as the interval between any last changes to
the selected car or the puzzle state (including those by the AI) and
the moment AI assistance was activated. In the Button condition,
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*

*

Figure 4: Moves precision for main study puzzles across conditions (left). Asterisks denote significant differences between the
Button and Control conditions and between the Timer and Control conditions. Comparisons between conditions for each
puzzle in the main study phase (right).𝑂 denotes the optimum number of moves to solve each puzzle from its initial state. Bars
represent means, and error bars denote 95% confidence intervals; these conventions apply to all subsequent bar charts.

Figure 5: Maximum progress achieved for main study puzzles across conditions (left) and comparisons between conditions for
each puzzle in the main study phase (right).
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Figure 6: Comparison of remaining budget and budget efficiency across AI-assisted conditions for main study puzzles. Purple
denotes the Button condition, and green denotes the Timer condition.
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(a) Puzzle 1;𝑂 = 16

* *

(b) Puzzle 2;𝑂 = 18

(c) Puzzle 3;𝑂 = 44

*

(d) Puzzle 4;𝑂 = 49

* * *

(e) Puzzle 5;𝑂 = 55

Control

Button

Timer

Button > Control

Pairwise Comparison with FDR:

Timer > Control*
*

Figure 7: Average progress over time among all participants in each condition for the 5 puzzles in the main study phase.
𝑂 denotes the optimum number of moves to solve each puzzle from its initial state. Progress timelines were generated by
first aligning individual progress over time to each participant’s puzzle start time, and progress values were averaged across
participants within each condition at every aligned time point. For participants who completed or exhausted their budget
before 300 seconds, their final progress value was held constant to extend the trajectory, ensuring a full 300-second window for
all participants. The shaded area indicates 95% confidence intervals. Horizontal bars with asterisks indicate time intervals
during which the difference between conditions was statistically significant based on t-tests with false discovery rate (FDR)
correction.

for each participant–puzzle pair in the main study task, we mea-
sured the idle time before an AI request and found it to be longer
than the idle times between other pairs of consecutive participant
actions of sequential puzzle moves. This pattern held consistently
across puzzles. The median idle time before an AI request exceeded
on average 91.67% (𝑆𝐷 = 11.49%) of the pauses between all user
actions in the same participant-puzzle pair. See Figure 9 for a visual
illustration of idle time prior to an AI help request.

We then compared the idle times that preceded help requests
between the Button condition and the Timer condition. We com-
pared this by taking the average idle time before AI assistance
for all participant-puzzle pairs that had AI assistance triggered at
least once during that puzzle. We used a Gamma distribution with
log link, using condition as a fixed effect and participant ID as a
random intercept. Results show that the average idle time before
AI assistance in the Timer condition (𝑀 = 7.273𝑠 , 𝑆𝐷 = 5.437𝑠)
is significantly longer than in the Button condition (𝑀 = 4.661𝑠 ,
𝑆𝐷 = 3.632𝑠) (𝑝 = 0.009).
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Figure 8: Puzzles solved: number of participants who solved the main study task puzzles across the three conditions. Number
of AI moves requested: In the Button condition, this reflects every instance where AI assistance was requested (𝑁 = 510). In the
Timer condition, it corresponds to the number of AI moves preset by users before starting each puzzle (𝑁 = 109). Idle time
before AI assistance: In the Button condition, this is measured idle time before each AI assistance requested (𝑁 = 510). In the
Timer condition, it reflects the user-defined idle time settings before starting each puzzle. Note: the mean values reported here
differ from those in Section 5.2.2, which were calculated as per-puzzle averages only for puzzles where at least one AI assistance
was triggered. *One participant-puzzle pair was discarded due to missing data.

We next examined how participants responded after receiving
AI assistance. We measured the idle time following an AI assistance,
defined as the duration between the end of anAI action to the closest
next puzzle state change, which can be by either participant action
or AI assistance requested or triggered. We used the same fixed
effect and random intercept as that for idle before AI assistance.
No difference was found between the idle time after AI assistance
between the Button (𝑀 = 4.394𝑠 , 𝑆𝐷 = 3.663𝑠) and the Timer
(𝑀 = 5.272𝑠 , 𝑆𝐷 = 3.521𝑠) conditions (𝑝 = 0.164).

5.3 Perceived Task Load
NASA-TLX responses were compared using the Mann-Whitney
U test due to the violations of normality. Results show a signifi-
cant difference in temporal demand (𝑝 = 0.048). Post-hoc pairwise
comparisons suggest that participants experienced lower temporal
demand in the Control condition (𝑀 = 4.545, 𝑆𝐷 = 0.300) compared
to the Button condition (𝑀 = 5.409, 𝑆𝐷 = 0.269) and the Timer con-
dition (𝑀 = 5.545, 𝑆𝐷 = 0.244). However, these differences did not
reach statistical significance (Control vs. Button: 𝑝 = 0.111; Control
vs. Timer: 𝑝 = 0.069). No significant differences were observed on
other subscales of the NASA-TLX.

5.4 Post-Study Questionnaire
To evaluate perceptions toward the AI between the two AI assis-
tance modes, we first grouped questions into five categories: AI’s
competence and reliability, AI’s helpfulness and effectiveness, qual-
ity and sufficiency of AI offered help, AI’s interpretability, and
teamwork with AI. See Appendix A for the full list of questions.
We assessed internal consistency of each sub-category using Cron-
bach’s alpha [14]: AI’s competency and reliability (𝛼 = 0.966), AI’s
helpfulness and effectiveness (𝛼 = 0.906), quality and sufficiency
of AI offered help (𝛼 = 0.873), AI’s interpretability (𝛼 = 0.864), and
teamwork with AI (𝛼 = 0.933). Using the commonly recommended
reliability threshold of 0.8 [48], these values confirm strong internal
consistency across all sub-categories.

Results reveal marginal differences between the two conditions
in the AI’s helpfulness and effectiveness (Mann-Whitney test: 𝑝 =

0.097, Rank-biserial correlation = 0.293) and the quality and suffi-
ciency of AI offered help (independent t-test: 𝑝 = 0.063, Cohen’s d
= −0.576). In both cases, the Timer condition received higher rat-
ings. To further probe these differences, we conducted an analysis
using ANCOVA with condition as a fixed effect and controlling
for task performance metrics during the main study phase as co-
variates, including only one covariate per model. This approach
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Figure 9: This figure illustrates simulated user flows in the two AI assistance conditions. Button condition: The user begins
by moving puzzle pieces on their own (user control), followed by a brief idle period to think about next moves. After several
more steps, the user feels stuck and idles for a longer duration. The user then decides to get some help from the AI assistance,
so the user specifies the number of moves to help and clicks on the help Button, which triggers AI assistance. After the AI
completes its moves, the user idles briefly to plan next moves before resuming puzzle-solving. Timer condition: Before starting
the puzzle, the user configures two parameters: the idle time threshold (e.g., 10 seconds) and the number of moves the AI should
provide when triggered (e.g., 5 moves). During gameplay, user action such as selecting or moving a puzzle piece resets the
Timer, and no assistance is provided. However, if the user remains idle for a duration that exceeds the threshold, AI assistance
is automatically triggered. The AI then executes the specified number of moves, after which the Timer resets.

allowed us to examine how perceptions of the AI differed between
assistance modes while controlling for these variables.

5.4.1 AI’s Competence and Reliability. Participants in the Timer
condition reported higher ratings (𝑀 = 5.273, 𝑆𝐷 = 1.804) than
those in the Button condition (𝑀 = 4.606, 𝑆𝐷 = 1.711), though this
difference was not statistically significant (𝑝 = 0.210). ANCOVA
analysis revealed two significant covariates: the total number of
times help was used (𝑝 = 0.018) and maximum progress in the main
study phase (𝑝 = 0.013), both of which had a significantly positive
influence on ratings.

5.4.2 AI’s Helpfulness and Effectiveness. A trend toward higher
ratings was observed in the Timer condition (𝑀 = 5.045, 𝑆𝐷 =

1.616) compared to the Button condition (𝑀 = 4.080, 𝑆𝐷 = 1.909),
although this difference did not reach statistical significance (𝑝 =

0.097). ANCOVA analysis revealed that when controlling for either
the total number of times helpwas used ormaximumprogress in the
main study phase, ratings in the Timer condition were significantly
higher than those in the Button condition (𝑝 = 0.028 and 𝑝 =

0.039 respectively). Both covariates also showed significant positive
effects on ratings (𝑝 = 0.005 and 𝑝 = 0.024 respectively).

5.4.3 Quality and Sufficiency of AI Offered Help. A marginal dif-
ference was observed between the Button (𝑀 = 3.795, 𝑆𝐷 = 1.867)
and the Timer (𝑀 = 4.784, 𝑆𝐷 = 1.549) conditions (𝑝 = 0.063). AN-
COVA analysis revealed that when controlling for the total number
of times help was used, ratings in the Timer condition were sig-
nificantly higher than those in the Button condition (𝑝 = 0.040).
Similarly, when controlling for maximum progress in the main
study phase, the Timer condition again received significantly higher
ratings than the Button condition (𝑝 = 0.034). Maximum progress
itself also emerged as a significant covariate (𝑝 = 0.043).

5.4.4 AI’s Interpretability. No significant difference was observed
in interpretability ratings between the Button condition (𝑀 = 3.985,
𝑆𝐷 = 1.798) and the Timer condition (𝑀 = 4.485, 𝑆𝐷 = 1.778).
However, both the total number of times help was used and the
maximum progress achieved during the main study phase emerged
as significant covariates (𝑝 = 0.025 and 𝑝 = 0.029 respectively),
each positively associated with higher ratings.

5.4.5 Teamwork with AI. No significant difference was found in
the team work ratings between the Button condition (𝑀 = 4.055,
𝑆𝐷 = 1.924) and the Timer condition (𝑀 = 4.755, 𝑆𝐷 = 1.608).
However, the total number of times help was used in the main
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Table 1: ANCOVA Results: Each category represents user perceptions of the AI from the post-study questionnaire, with an
additional performance metric from the main study phase included as a covariate.

Total Help Used Remaining Budget Maximum Progress
Category Mean (SD) Condition Covariate Condition Covariate Condition Covariate

𝑝 𝜂2 𝑝 𝜂2 𝑝 𝜂2 𝑝 𝜂2 𝑝 𝜂2 𝑝 𝜂2

AI’s Button:
Competence 4.6 (1.7)

0.119 0.058 0.018* 0.128 0.225 0.036 0.767 0.002 0.117 0.059 0.013* 0.141and Timer:
Reliability 5.3 (1.8)

AI’s Button:
Helpfulness 4.1 (1.9)

0.028* 0.112 0.005* 0.173 0.083 0.071 0.559 0.008 0.039* 0.100 0.024* 0.118
and Timer:

Effectiveness 5.0 (1.6)

Quality and Button:
Sufficiency of 3.8 (1.9)

0.040* 0.099 0.102 0.064 0.066 0.080 0.996 < 0.001 0.034* 0.105 0.043* 0.097AI Offered Timer:
Help 4.8 (1.5)

Button:
AI’s Inter- 4.0 (1.8)

0.228 0.035 0.025* 0.117 0.371 0.020 0.704 0.004 0.238 0.034 0.029* 0.110pretability Timer:
4.5 (1.8)

Button:
Teamwork 4.1 (1.9)

0.075 0.075 0.001* 0.220 0.210 0.038 0.251 0.032 0.129 0.055 0.054 0.088
with AI Timer:

4.8 (1.6)

study phase emerged as a significant covariate (𝑝 = 0.001) with a
positive correlation with the ratings.

5.4.6 Influence of Prior AI Experience and ATI. We examined
whether prior AI experience or ATI scores influenced participants’
subjective ratings of the AI. Prior AI experience, measured as
a four-level categorical variable, was analyzed using ANOVA
and showed no significant effects on any of the subjective rating
measures. ATI scores were analyzed using Pearson’s correlations
and likewise showed no significant associations with any measures
(all 𝑝 > 0.05).

6 Qualitative Results
The first three authors analyzed responses to the open-ended ques-
tions using framework analysis [23]. Analysis began with famil-
iarization with the data through active reading and re-reading of
user responses. An initial coding framework was then developed
using a hybrid deductive-inductive approach; the coded data were
subsequently interpreted by identifying patterns, relationships, and
overarching themes. Coding was conducted at the semantic level,
and the framework was iteratively refined throughout the analysis
process. The following section presents our findings.

6.1 Competence and Helpfulness of the AI
Participants from both conditions generally perceived the AI as
competent and reliable, with many noting that it provided logical
and effective moves. For instance, P32 (Button) remarked that “it
knew where the next move was,” while P54 (Timer) commented
that “it was swift and reliably progressed the puzzle when I couldn’t.”
Participants valued the efficiency of the AI’s assistance. P45 (Timer)
described the AI as “efficient” and P60 (Timer) noted that “it was
efficient with the moves that it had to make.”

However, in both the Button (𝑁 = 5) and Timer (𝑁 = 3) con-
ditions, a few participants expressed reservations regarding the
AI’s utility in puzzle solving, noting that some of the AI’s moves
appeared either meaningless or random. For instance, P33 (Button)
felt that the AI “did not really help as it just moved the blocks without
providing the solution.” Similarly, P24 (Button) commented, “in my
opinion, the moves just seemed to be random without much meaning
behind them.” Another participant, P27 (Button), noted that the AI’s
interventions were often redundant: “It typically just redid moves
I’d already made when it intervened, so not very useful.” Similar con-
cerns were expressed in the Timer condition as well. P64 (Timer)
reported, “to me it looked like it was wasting moves because they
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seemed pointless.” P50 (Timer) concluded that AI “was not helpful at
all.”

6.2 Control and Timeliness of Assistance
Across the two AI assistance modes, participants reported similar
levels of controllability, with subtle differences in how they per-
ceived the AI’s involvement. In the Button condition, participants
emphasized the value of control. P41 (Button) remarked, “I liked
how I was able to control how many moves it made,” and P23 (Button)
similarly noted, “It gave the option to choose howmany steps I wanted
AI to assist with.” Participants in the Timer condition also valued
being able to regulate when and how the help was delivered. P64
(Timer) explained that they valued “that you could choose at what
intervals they [AI] would help you,” and P66 (Timer) similarly liked
“being able to customize when it would jump in, along with how many
steps it would take.” Beyond this sense of control, some participants
in the Timer condition perceived the assistance as proactive and
timely. P61 (Timer) appreciated that “the AI stepped in when I was
stuck and offered logical moves that helped me progress. It felt like
a gentle nudge rather than taking over completely.” Likewise, P58
(Timer) noted that they liked “that it came in and assisted when I
was stuck.”

6.3 Need for Explanation
Multiple participants (𝑁 = 5) emphasized the need for explanations
as a key improvement. When asked: “What did you dislike about
the AI?”, the difficulty in discerning the rationale behind AI moves
was a common issue. P44 (Button) responded, “I couldn’t under-
stand its logic.” Similarly, P51 (Timer) noted, “sometimes you didn’t
understand why they did something,” and P42 (Button) expressed
that they “couldn’t tell where it was going with some moves.” The
absence of explanations often confused participants and occasion-
ally made them suspicious that the AI was intentionally making
poor choices. For instance, P41 (Button) commented, “Sometimes
I felt like it was taking too long, and would choose incorrect moves
on purpose.” Similarly, P56 (Timer) stated that, “I didn’t like that I
couldn’t always tell if it was helping me or not.”

When asked what the AI should do differently, participants re-
peatedly requested more interpretability. P45 (Timer) suggested
“commentary with its moves - i.e., explaining why it did what it did so
you can pick up where it left off.” Likewise, P34 (Button) proposed
that “the AI could provide clear explanations for its suggested moves.”
as this “would help build trust and understanding.”

6.4 Desired AI Behavior
Participants offered a range of suggestions for modifying the AI’s
behavior to their liking. A recurring theme across both conditions
was the speed, with many suggesting that the AI should move
faster. P26 (Button) and P28 (Button) both criticized the AI as “not
fast enough” and “too slow.” Similarly, P65 (Timer) commented, “I
expected the AI to be fast in its movements.”

Beyond speed, participants expressed preferences for features of
the alternate, but unknown to them, condition. In the Button condi-
tion, participants suggested that the AI should act more proactively
based on the context. P23 (Button) suggested that the AI should
“offer a suggestion after you haven’t made a decision in a certain time

period.” P41 (Button) expected that the AI should “know when I
would need it to activate [it], and have a mind of itself. So if I was
struggling the AI could step in.” Conversely, one participant (P59,
Timer) desired greater manual control, noting that it was “hard to
draw a line between asking for some help and it doing it for you -
would have been better to have been deployed by a Button.”

6.5 No-Assistance Problem-Solving Behavior
Participants from the Control condition (𝑁 = 22) reported two
main approaches to solving the puzzles: trial-and-error (𝑁 = 9)
and systematic planning (𝑁 = 12). The trial-and-error approach
involved making rapid moves with minimal planning, testing dif-
ferent configurations to see what works. The systematic planning
approach involved backtracking the red car’s position, moving
larger blocking cars first, and planning several moves ahead, some-
times working backward from the goal state. One participant (P17)
reported no systematic strategy and expressed frustration at failing
to solve the puzzles.

Preference for assistance from participants in the Control condition.
When asked about preferred type of help, most participants (𝑁 = 15)
requested small nudges or contextual clues at critical junctures,
often limited to a single move. Specific requests included the option
to see the first move (P3) or receiving hints when “end of longer
pieces would block the path.” (P21). P1 desired a limited number
of hints, stating that hints “take away the satisfaction of solving
[the puzzle].” Conversely, one participant (P12) expressed a desire
to delegate the entire puzzle to the AI when stuck, and another
requested the puzzle constraints to be relaxed to mitigate difficulty
and frustration. A participant (P19) who used a trial-and-error
strategy indicated that high-level strategic guidance would have
been helpful.

Desired AI role. A majority of participants (𝑁 = 17) expressed
a preference for the AI to function as a tool. P16 justified this
choice by emphasizing a desire to avoid the “distraction of being a
teammate,” which they associated with excessive communication,
and a preference for a basic utility that provides moves. Another
participant (P11) preferred the AI as a tool because they did not
want the AI to “act like a human” by “yelling at [them] about [their]
performance.”

In contrast, few participants expressed that it would help them
learn and improve if AI functioned like a coach. P6 stated that “AI
should be like a coach who wanted to make player a better planner
next time to play successfully,” and P19 preferred AI to be “like a
coach because I can grow.”

Irrespective of the preferred AI role, participants expressed a
strong desire for control over the puzzle-solving process, estimating
they should maintain above 80% control over the moves to “feel a
sense of accomplishment” (P3).

Assistance timing. When asked about the timing of assistance,
participants expressed differing preferences based on their solving
strategy. The majority of participants who planned systematically
(𝑁 = 10/12) indicated that they preferred on-demand help. In con-
trast, participants who relied on trial-and-error (𝑁 = 5/9) reported
a preference for contextualized help triggered by failed attempts.
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One participant (P19) preferred no assistance, stating “I do not need
AI to help as long as there is a solution.”

7 Discussion
Our study compared two AI assistance delivery modes where assis-
tance was triggered either explicitly through a button press (Button
mode) or automatically after a user-defined inactivity period (Timer
mode), along with a control condition. Task progress by participants
was similar across the two AI assistance modes and the control
group. Despite similar performance, participants in the Timer condi-
tion reported more positive impressions of the AI. In the following
section, we discuss our findings and their potential implications.

7.1 AI Assistance vs. No Assistance
Resource allocation. Move precision was significantly enhanced

under AI-supported conditions compared to the no-assistance con-
trol condition. This effect is attributable to the algorithmically
precise AI moves, which mitigated the inherent variability of un-
aided human performance. Although participants with AI support
showedmomentary leads in progress, AI assistance did not translate
into statistically superior overall task performance, a pattern consis-
tent with prior findings [65]. While this may have been a result of
the specific experimental cost structure implemented, it highlights
a challenge in optimal real-time resource allocation between human
effort (time) and costly AI assistance. Theoretically, maximizing
progress required continuous evaluation of the trade-off between in-
dependent problem-solving and AI assistance. Independent solving
was efficient only when its rate of progress exceeded the marginal
benefit provided by costly AI assistance. Participants who were un-
able to optimize this resource allocation incurred higher costs with-
out commensurate gains in overall progress relative to the control
condition. Such suboptimal resource allocation may reflect broader
challenges in human-AI collaboration where decision-makers fail to
accurately calibrate when to request assistance versus independent
effort for maximizing overall task outcomes [59, 60].

User perception and automation bias. Our subjective results reveal
a positive correlation between AI usage frequency and favorable
perceptions of the AI’s competency and helpfulness. These positive
impressions appear to have reinforced continued AI engagement,
as participants prioritized perceived progress gains over the ex-
penses incurred, thereby increasing overall costs. This behavioral
pattern suggests a self-reinforcing cycle where initial success with
AI assistance may have strengthened trust and satisfaction, which
in turn promoted further reliance. While this behavior does not
constitute classic automation bias, where users uncritically defer
to automated decisions [49], it reflects a trust-driven overreliance
dynamic that aligns with mechanisms underlying automation bias.

AI as a tool vs partner. Qualitative data indicates that many users
framed AI not as a collaborative partner but as an intelligent, reli-
able instrument expected to engage judiciously and contextually.
This finding suggests that the relational framing of AI is context-
dependent. In high-efficiency, task-oriented scenarios, utility is pri-
oritized over relational support, contrasting with findings in more
relational and affective settings [51, 52]. However, even within the

instrumental framing of AI, there is no uniform acceptance of AI as-
sistance. Subjective feedback, in our study, ranged from perceiving
the AI’s actions as logical and effective to expressing confusion and
distrust regarding its competency and intentions. While some of the
distrust may be attributable to factors such as the Out-of-the-Loop
performance problem [16], the lack of clear explanations of the AI’s
actions likely amplified user detachment, overriding the mitigating
effect of short intervention intervals. This indicates that for AI to
function as a “reliable instrument,” interpretability is required in
addition to timely intervention.

7.2 AI Assistance Delivery Mechanisms and
User Perceptions

Despite the differences in how AI assistance was triggered, partici-
pants in both conditions converged on similar task performance
and overall AI usage. This convergence may be explained through
bounded rationality and satisficing [58], which posit that individu-
als make decisions under cognitive and informational constraints
by relying on simple, “good-enough” rules rather than exhaustive
optimization. Under time pressure and explicit monetary costs,
participants were unlikely to compute an optimal help-seeking
strategy and instead relied on simple heuristics such as requesting
assistance when progress stalled. Given comparable skill levels,
participants likely encountered impasses at similar points in the
task. In the Button condition, these impasses triggered explicit help
requests, whereas in the Timer condition they manifested as longer
pauses that activated inactivity-triggered assistance. As a result,
participants in both conditions may have relied on the same un-
derlying “stuckness”-based decision rule, leading them to satisfice
toward a cost-efficient equilibrium of AI usage and yielding similar
performance across conditions.

Although the two AI assistance modes resulted in similar per-
formance and budget efficiency, they produced distinct user expe-
riences. After controlling for assistance frequency and maximum
progress achieved, Timer condition participants rated the AI as
significantly more helpful and supportive. This divergence suggests
that delivery mode itself shaped participant satisfaction indepen-
dent of the actual level of assistance received. Participants in the
Timer condition characterized the AI’s intervention as timely, not-
ing that it “stepped in” when needed and felt like a supportive pres-
ence. These findings indicate that delivery mode modulates users’
perceptions of the AI’s collaborative intent: identical assistance can
be perceived as appropriately supportive when well-timed, or as
insufficient or disruptive when mistimed. Thus, assistance delivery
mode constitutes a critical design factor in shaping user experience
of mixed-initiative systems.

While the two AI assistance delivery modes were designed to
achieve the same functional outcome, they elicited different cogni-
tive and experiential trade-offs. From the perspective of adjustable
autonomy [9], which characterizes how initiative and control are
flexibly shared between users and automated systems, the Button
and Timer modes represent distinct allocations of initiative over
assistance activation. In the Button mode, users had to actively
decide when to request assistance, requiring additional cognitive
resources for monitoring and self-evaluating their need for help. In
contrast, the Timer mode may have allowed participants to achieve
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a balance between convenience and comfort through automated
assistance activation, allowing initiative to be partially delegated
to the system, but mediated by user-defined idle-time thresholds.
This may have made the timing of system actions feel more appro-
priate and less effortful than requesting help moment-to-moment,
which may also explain why participants in the Timer condition
reported more positive attitudes toward the AI. Despite reduced
direct control over the immediate activation of AI assistance in the
Timer condition, participants did not report a loss of agency. This
suggests that perceived autonomy may depend on both explicit
control mechanisms and a user’s ability to position the system at a
personally acceptable level of delegation. Delivering assistance at
appropriate moments that feels timely, even if triggered automat-
ically based on user settings, may preserve a sense of autonomy.
This distinction between actual and perceived control offers an im-
portant nuance for designing mixed-initiative systems that support
agency without demanding constant decision-making.

7.3 Design Implications
Supporting calibrated assistance decisions. Our quantitative

results on remaining budget suggest that participants had difficulty
optimizing the cost-benefit trade-offs between independent
problem-solving and costly AI assistance. This indicates that
systems should also support users in the meta-decision of when
to engage AI assistance in order to improve overall efficiency.
Systems could potentially monitor user behavioral cues, such
as gaze patterns, emotional state, and interaction behaviors, to
identify optimal assistance timing based on observable signals
linked to users’ internal states and performance [6, 44].

Configurable proactivity. The combination of the user’s desire for
control and their expectations of AI acting contextually suggests
that future mixed-initiative systems should support configurable
proactivity by enabling users to specify AI intervention triggers
based on task-specific conditions and contextual cues. Importantly,
such configuration mechanisms should be based on observable
and human-interpretable parameters, such as inactivity periods or
specific task states, to align automated assistance with the user’s
mental models of help-seeking.

Automation bias mitigation in costly assistance contexts. When AI
assistance is both precise and costly, positive perceptions of compe-
tence can drive increased use even when it fails to improve overall
task efficiency. Our results indicate that favorable impressions of
AI-supported progress can reinforce continued engagement, in-
creasing costs without yielding statistically superior performance.
Designers should therefore anticipate self-reinforcing overuse in
efficiency-oriented tasks and provide feedback that makes the long-
term cost–performance trade-offs visible.

Make AI actions interpretable to support seamless handoffs. In
addition to the timing of assistance, a user’s understanding of AI
rationale is critical for calibrating trust and facilitating handoffs.
Our qualitative findings indicate that while some participants per-
ceived the AI’s moves as strategically sound, others found them
arbitrary, potentially making it harder for them to resume solving
after the assistance ended. This suggests that exposing individual

AI actions alone may be insufficient for interpretability in sequen-
tial problem-solving tasks. Designers should consider additional
cues that communicate the AI’s higher-level intent, such as the
intermediate goal of a sequence of moves or long-term strategy, to
support sensemaking and enable smoother handoffs.

8 Limitations & Future Work
While our findings indicate that assistance delivery mode impacts
user experience in collaborative problem-solving, several limita-
tions should be consideredwhen interpreting and generalizing these
results. We used Rush Hour puzzles as our testbed because they cap-
ture several important features of real-world collaborative problem-
solving, including time pressure, sequential decision-making, strate-
gic planning, and opportunities for help-seeking. However, puzzles
are fundamentally well-defined problems with explicit goals and
structured solutions. Consequently, our findings may not directly
translate to more open-ended or creative tasks where problem defi-
nitions are ambiguous, multiple valid approaches exist, or success
criteria are subjective. Future work should systematically examine
whether inactivity-triggered assistance maintains its experiential
benefits across a broader range of task types. Our study captured
user perceptions and preferences during a single session with lim-
ited exposure to each assistance mode. While this design allows us
to isolate immediate experiential differences, it does not account
for how preferences and behaviors might evolve with extended
use. Users may habituate to initially preferred modes, discover
new strategies that change their assistance needs, or recalibrate
their expectations as they gain experience with the task or the
AI’s capabilities. Longitudinal studies are needed to assess whether
these preferences persist over time and whether users develop more
sophisticated strategies for leveraging different assistance modes.
Understanding these temporal dynamics would inform the design
of assistance systems that remain effective and satisfying through-
out extended use. We compared two specific assistance modes that
represent important points in the design space of human-AI collabo-
ration. However, many other timing mechanisms could be designed.
For example, adaptive systems might dynamically adjust interven-
tion timing based on learned user preferences, physiological signals,
or performance patterns. Scheduled assistance that triggers at fixed
intervals, context-aware systems that consider task phase or en-
vironmental factors, or hybrid approaches that combine multiple
triggering mechanisms may offer different experiential qualities.
While our findings suggest that timing modality matters for user
experience, further research is needed to characterize the full de-
sign space and identify which mechanisms work best for different
contexts and user populations.

9 Conclusion
Determining when AI should intervene in collaborative problem-
solving remains a persistent challenge in mixed-initiative systems.
While existing approaches emphasize optimizing the timing of
assistance, our work reveals that the mechanism through which
assistance is delivered, independent of its impact on task outcomes,
can shape user experience. For designers of collaborative AI sys-
tems, our finding suggests that inactivity-triggered assistance offers
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a practical pattern for balancing user control with reduced cogni-
tive burden. Rather than treating assistance timing as a secondary
implementation detail, designers should consider delivery modality
as a first-class design concern that directly impacts user agency and
engagement. As AI systems become increasingly capable, under-
standing and optimizing how they integrate into human workflows
will be essential for creating human-centered collaborative experi-
ences that users find both effective and satisfying.

10 GenAI Usage Disclosure
LLMs were used to explore potential data analysis approaches and
to suggest recommendations for improving text phrasing and clarity.
Any suggestions provided by LLMs served only as input to inform
our own decision-making. AI tools were also employed during
study interface development for code debugging.
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A Post-Study Likert-Scale Questions
A.1 AI’s Competence and Reliability

• The AI was competent.
• The AI understood the puzzle well.
• The AI performed reliably.

A.2 AI’s Helpfulness and Effectiveness
• The AI helped me solve the puzzle more effectively.
• The AI made helpful contributions in solving the puzzle.
• The AI cared about helping me solve the puzzle.
• Overall, the AI was helpful.

A.3 Quality and Sufficiency of AI Offered Help
• The AI provided all the moves I needed.
• The AI helped me at the right time.
• The AI’s help was not enough.
• I was able to ask the AI for the right amount of help.

A.4 AI’s Interpretability
• I understood why the AI made its moves.
• It felt like the AI suggestions were aligned with what I was
thinking.

• The AI’s help derailed my thinking.

A.5 Teamwork with AI
• It felt like AI and I were working as a team.
• The AI and I had a shared goal.
• I think I solved the puzzle or me + AI solved the puzzle
together.
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• I was satisfied with the way the AI and I worked together.
• There is good fit between what the AI offered and what I
needed from it.

B Post-Study Open-Ended Questions
B.1 Questions for AI-Assisted Conditions

(Button and Timer)
• What did you like about the AI’s behavior in the puzzle task?
• What did you dislike about the AI’s behavior in the puzzle
task?

• When solving the puzzles, what strategies (if any) did you
use to more effectively solve the puzzle?

• What should this AI do differently to become your ideal
puzzle solving assistant?

• Did the number of moves AI helped with impact how you
solved the puzzle?

• How did you determine how many moves of help you
needed?

B.2 Questions for the Control Condition
In this section, you will provide suggestions for designing an AI
assistant to support users in tasks and problem-solving scenarios,
such as Rush Hour.

• When solving the puzzles, what strategies (if any) did you
use to more effectively solve the puzzle?

• At any point, did you feel stuck? If so, what would have
helped you get unstuck?

• What kind of support would you find most helpful from the
AI? (e.g., hints, written explanations, visual demonstrations,
step-by-step guidance, etc.)

• Would you like the AI to explain why it suggests a certain
move, or just show the move? Why?

• At what moments would you prefer the AI to assist you —
continuously, upon request, after multiple failed attempts,
or under other conditions?

• Would you prefer the AI to act like a coach, a teammate, or
a tool? Why?

• Should the AI ask you questions to help you reflect, or just
offer suggestions?

• How much control do you want to retain while solving the
puzzle?

• Would you like feedback after solving a puzzle, such as al-
ternative shorter solutions or strategy tips?
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