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Figure 1: Perceived influence of proactive AI agents on group performance and processes. The top panel provides an overview
of sub-themes from a reflexive thematic analysis comparing a Facilitator agent (“Fiona”) and a Peer agent (“Ava”). The benefits
are highlighted in green, and the risks are highlighted in orange. The bottom image shows the study context, where a team is
collaboratively solving a time-bounded digital escape-room task distributed across two screens.

Abstract
Collaborative problem-solving under time pressure is common but
difficult, as teams must generate ideas quickly, coordinate actions,
and track progress. Generative AI offers new opportunities to assist,
but we know little about how proactive agents affect the dynamics
of real-time, co-located teamwork. We studied two forms of proac-
tive support in digital escape rooms: a facilitator agent that offered
summaries and group structures, and a peer agent that proposed
ideas and answered queries. In a within-subjects study with 24
participants, we compared group performance and processes across
three conditions: no AI, peer, and facilitator. Results show that
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the peer agent occasionally enhanced problem-solving by offering
timely hints and memory support; however, it also disrupted flow,
increased workload, and created over-reliance. In comparison, the
facilitator agent provided light scaffolding but had a limited im-
pact on outcomes. We provide design considerations for proactive
generative AI agents based on our findings.
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1 Introduction
Complex and time-sensitive problem-solving in the real world is
rarely an individual task. From disaster response teams coordinat-
ing under time pressure to cybersecurity analysts mitigating an
attack, group collaboration is the norm. Co-located collaboration,
where team members work together in the same location and at
the same time, often enhances productivity in tasks that rely on
frequent communication and joint efforts, such as brainstorming,
knowledge building, and planning [3, 33, 67, 108]. Prior research
has shown that groups often outperform individuals because they
can integrate diverse perspectives, share cognitive load, and adapt
dynamically [100, 102]. Team effectiveness depends not just on
member ability but on the processes of coordination, communica-
tion, and shared attention [39]. However, despite decades of CSCW
and HCI research, developing technology that supports group pro-
cesses and outcomes remains difficult.

Two recent research trends offer new possibilities for augment-
ing teamwork: generative AI and proactive systems. With advances
in conversational and reasoning capabilities [26, 79, 82], generative
AI has become a powerful collaborator [11, 37, 60, 81, 94]. Li et
al. found that teams augmented with generative AI outperformed
human-only groups across multiple performance measures [52].
Groups can also help regulate appropriate reliance, as members
have opportunities to challenge, refine, and set boundaries around
AI contributions [28, 41, 104]. At the same time, these systems are
prone to persuasive but flawed outputs [106], leaving groups vul-
nerable to over-reliance, anchoring on AI suggestions, or deferring
to them to avoid social conflict [12].

In parallel, research has explored how AI and intelligent sys-
tems can act proactively [34, 41, 77]. Proactive behaviors have
been shown to improve trust, situational awareness, and engage-
ment across diverse contexts, from creativity to decision support
[107, 110]. Hwang et al. found that people produced a higher num-
ber and quality of ideas when their AI partner behaved as an au-
tonomous teammate [38]. Teams often prefer AI that behaves as an
active teammate, finding initiative-taking systems more supportive
and peer-like. This line of work positions proactivity not just as a
technical capability but as a design paradigm for how autonomous
systems participate in collaboration.

Together, these trends converge in the growing CSCW and HCI
framing of human–AI teams (HATs), where AI agents are under-
stood not only as tools but as team members [9, 12, 43, 55, 96].
O’Neill et al. define HATs as “interdependence in activity and out-
comes involving one or more humans and one or more autonomous
agents, wherein each human and autonomous agent is recognized
as a unique team member occupying a distinct role on the team,
and in which the members strive to achieve a common goal as a
collective.” [69]. This emphasizes the importance of the roles of AI
agents; these could be task-focused, such as generating ideas or
solving problems, or process-focused, such as facilitating communi-
cation or maintaining shared attention [87, 96]. Generative AI has

the potential to support both; its reasoning ability contributes task-
specific guidance, while its conversational and summarization skills
help facilitate coordination [37, 60, 107]. However, its limitations
raise questions about how it should adopt such roles in practice.

While both generative AI and proactivity have shown promise
independently, little is known about how they intersect in col-
laborative problem-solving. Should a proactive AI act as a Peer,
contributing ideas as an imperfect teammate, or as a Facilitator,
shaping group coordination and communication? How do these
proactive roles influence not just team performance but also group
processes? Addressing these questions is critical for designing AI
that can effectively support collaboration in time-sensitive contexts.
To explore this further, we investigate the following research ques-
tions in the context of co-located collaboration in time-sensitive
problem-solving tasks:

RQ1: How do different AI agent roles (Peer vs. Facilitator) influ-
ence group performance?

RQ2: How do these AI agent roles shape group processes such as
workload, communication, and coordination?

We explored these questions through the context of co-located
teamwork in digital escape rooms. Escape rooms serve as a rich,
high-pressure testbed for collaboration, requiring groups to solve
interdependent puzzles under time constraints [47, 68]. We then de-
veloped two functional technology probes [36] in the form of gener-
ative AI agents: a facilitator, which provided discussion summaries
and proposed group structures, and a peer, which contributed ideas
as an imperfect teammate. The facilitator functionalities were based
on previous work on such agents in group brainstorming and dis-
cussion contexts [20, 51, 108]. For the peer agent, we ran a for-
mative study with 6 participants to understand the preferences
and develop the design features. Through a within-subjects mixed-
methods study with 24 participants (6 groups with 4 participants
each), we investigate how generative AI in the role of a peer versus
a facilitator impacts both group processes and performance.

Our findings highlight both the promise and pitfalls of proac-
tive generative AI agents in group collaboration. The facilitator
agent’s summaries and collaboration cues initially captured atten-
tion, but its contributions were often sidelined when they became
repetitive, lengthy, or poorly timed. The peer agent’s thoughts
and memory support sometimes boosted problem-solving, but they
also increased workload, risked over-reliance, and disrupted flow.
Importantly, teams followed varied trajectories: some relied on
its thoughts before shifting to more reflective use; others’ early
enthusiasm led to dependence and later disillusionment; and in
some, brief curiosity quickly turned into frustration and disengage-
ment. Building on these insights, we provide design implications
for tailoring facilitator and peer agents, and for supporting different
trajectories of AI use in collaborative problem-solving.

In summary, we make the following three contributions:

(1) Functional technology probes of generative AI agents in
facilitator and peer roles for group problem-solving tasks.

(2) An exploratory study of how proactive roles shape group
processes and performance in time-sensitive collaboration.

(3) Design considerations for integrating proactive AI agents
into group collaboration.
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2 Background and Related Work
In this section, we review co-located collaboration, with a focus
on escape rooms as a research setting, which is used to study how
groups coordinate and solve problems under time pressure (Section
2.1). Next, we examine generative AI in collaborative contexts, high-
lighting recent shifts from reactive to proactive support (Section
2.2). Finally, we consider research on the roles of AI agents, carv-
ing out the roles of facilitator and peer (Section 2.3). By situating
our work at this intersection, we show how embedding role-based
proactive AI agents in escape-room settings offer new insights into
both performance and group dynamics.

2.1 Co-located Collaborative Problem-Solving
Co-located synchronous collaboration describes situations where
people work together in the same physical space and at the same
time [22]. This mode of collaboration allows group members to
share artifacts in a common workspace and benefit from subtle but
important interactional cues [67]. For example, physical proxim-
ity enables coworkers to pick up on gestures, facial expressions,
body posture, or shifts in attention that are often missed in remote
settings. It also facilitates rapid feedback and turn-taking, helping
groups quickly address misunderstandings or refine ideas as they
arise. In addition, participants can easily co-reference objects in
the shared environment, using gaze or pointing gestures to disam-
biguate expressions like “this” or “that.” At the same time, these
benefits comewith challenges. Social evaluation pressures canmake
people hesitant to share ideas, and production blocking may occur
when turn-taking delays individuals from voicing contributions
before they forget or overthink them [64].

Escape rooms in particular offer a unique environment for study-
ing co-located problem-solving, involving tightly-coupled interac-
tions [88] and high synchronicity [53]. They combine the control
of a laboratory study with the ecological validity of a naturalistic
group task [14]. Groups must search for clues, solve puzzles, and co-
ordinate under strict time pressure, creating a setting that naturally
elicits intense interaction. They have been used for training and
education purposes [25], and as platforms to study human behav-
ior [31]. Escape rooms are well-suited for examining how groups
work with AI under demanding conditions, also found in real-world
settings such as disaster response, emergency medical teams, cy-
bersecurity incident management, and air traffic control. In this
paper, we extend existing literature by examining collaboration in
a novel escape room setting, where groups interact with generative
AI in a fast-paced, synchronous environment that amplifies both
the opportunities and the challenges of teamwork with AI.

2.2 Generative AI Agents and Proactivity in
Collaborative Contexts

Generative AI has already demonstrated potential to enhance cre-
ativity and problem-solving across diverse stages, such as ideation,
prototyping, deliberation, and decision-making [12, 15, 32, 35, 80].
Most of this research, however, has focused on one-to-one interac-
tion between a single user and a generative AI system. HCI studies
have shown that individual improvements in AI performance do
not guarantee better team outcomes, highlighting the importance of
designing for team-level dynamics [78]. Only recently have studies

begun to explore generative AI in multi-user, collaborative contexts.
For example, researchers have investigated how groups use genera-
tive AI while co-designing [16, 48], conducting qualitative analysis
[27], or engaging in cooperative play [85]. Others have examined
how multiple participants jointly interact with tools like ChatGPT
during group ideation [32, 80, 83], planning [108], cybersecurity
vulnerability assessments [61], or creative activities such as music
composition [89].

Early explorations of generative AI in teamwork have often po-
sitioned these systems as enhanced “AI-infused supertools” rather
than as genuine collaborators [84]. This framing emphasizes the
centrality of human expertise, where AI’s role is primarily to pro-
vide support upon request. However, findings from several studies
suggest that users desire AI agents that can act more like team-
mates, with greater initiative and autonomy [32, 48]. For example,
when participants perceived an AI system as an autonomous part-
ner, they generated more ideas and rated them as higher in quality
[38]. Other work has shown that groups often prefer AI agents
with stronger decision-making roles and peer-like participation,
especially in creative or cooperative tasks [76, 107, 110]. Proac-
tive communication from AI has also been found to enhance trust
and situational awareness, underscoring the potential benefits of
treating generative AI agents as active team members [107].

Despite this promise, most current applications of generative AI
remain fundamentally reactive [29, 94, 105]. They depend on users
to issue prompts or instructions before producing output.While this
model lowers barriers to use, it also creates friction in collaborative
contexts. Non-experts may struggle to articulate their intentions
effectively, and even skilled users must divide attention between
crafting prompts and participating in group discussions [29]. This
additional cognitive load can disrupt conversational flow, reduce ef-
ficiency, and diminish engagement in the shared workspace [94, 95].
These limitations highlight the need for agents that can contribute
more autonomously—responding to unfolding interactions without
constant human direction.

Generative AI itself provides a foundation for building such
proactive collaborators. Large language models (LLMs) in particu-
lar have demonstrated the capacity to simulate aspects of human
cognition and social interaction, enabling them to participate more
naturally in group exchanges [60, 70, 71]. Examples include LLM
agents designed to play a devil’s advocate role in deliberation [12],
systems that surface relevant materials on shared displays to sup-
port discussion [40, 108], and AI teammates integrated into digital
chat platforms [77]. Evaluations of these systems show promise
but also raise concerns. Collaborative agents may unintentionally
bias groups, disrupt social dynamics, or reinforce existing power
imbalances [79]. Findings show that people often treat AI as a sec-
ondary partner in group discussions, particularly when the system
lacks the capacity to participate fully in social dynamics [24]. Other
work has highlighted a tendency for groups to over-rely on AI
recommendations compared to individuals, raising concerns about
dependence and reduced critical engagement [11, 106]. Early explo-
rations of co-located settings, including prototypes of generative
AI teammates in mixed reality [41] or shared displays [108], reveal
both enthusiasm for their potential value and skepticism about
their ability to navigate complex social interactions. Kraus et al.
described proactivity as a “double-edged sword,” valuable when it
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aligns with user needs but problematic when it intrudes or misfires
[50].

However, much of what we know about proactive AI in collabo-
ration comes from speculative design or wizard-of-oz studies that
do not fully capture the complexities of functional deployment. In
this paper, we address this gap by developing and testing functional
probes of proactive generative AI agents. We empirically examine
how teams respond to and collaborate with proactive generative
AI agents in complex, time-sensitive problem-solving scenarios.

2.3 Roles of AI Agents in Collaborative
Contexts

Roles are a critical lens for understanding how generative AI agents
fit into collaborative contexts [81, 86, 101, 109]. In human team-
work, roles provide clarity, distribute responsibilities, and balance
task-related and social demands. In the same way, when agents are
introduced into groups, roles shape not only what it contributes but
also how human members perceive and interact with them. Early
studies have shown that people already apply social expectations
to computers, treating them as legitimate teammates when interde-
pendence exists between their actions [75, 87]. This highlights the
need to carefully design and study the roles AI agents assume in
group work.

Prior work has examined perceptions of AI in different social
and functional roles. Kim et al. explored how people evaluated
social versus functional AI, concluding that users tended to prefer
functional systems, with usefulness acting as a key mediating factor
[45]. However, their study was based on video demonstrations,
leaving open questions about how people might respond when
collaborating with functional and social agents in real tasks. Houde
et al. argued that role specification could give users greater control
and predictability in group brainstorming with AI, proposing roles
such as responsive contributor, active reviewer, or conversation
starter [34]. Liu et al. studied peer roles in children’s collaborative
learning and showed that framing an AI as a teammate ormoderator
changes conversational dynamics [54].

Bittner et al. provide a taxonomy of conversational assistant
roles in collaborative work, grouping them into three categories:
facilitator, peer, and expert [6]. Facilitators guide groups through
structured processes, often using proactive or directive behavior
grounded in scripts or models of the collaboration. They are com-
mon in contexts such as teaching, tutoring, or structured group
interaction, where maintaining process flow is essential [19, 90].
Peers, in contrast, blend into the group as equals, contributing socio-
emotionally while offering knowledge that is “enough but not too
much.” A well-designed peer agent avoids dominating discussions,
encourages human contributions, and stays approachable [17, 72].
Finally, expert roles emphasize domain-specific skill but remain
largely reactive, providing help when prompted [103]. Wang et
al. further distinguish task capabilities (e.g., executing, planning,
evaluating) from social capabilities (e.g., coordinating, resolving
conflicts, building shared understanding), clarifying what proactive
agents can target [96].

Understanding the role of AI agents in collaborative problem
solving also requires attention to group processes, not only out-
comes [69, 107]. Group processes are the interdependent acts that

transform individual inputs into collective results [39]. Communi-
cation, coordination, and workload distribution can be less vis-
ible than final performance, yet they are central to explaining
team effectiveness, especially in time-sensitive contexts such as
escape rooms. While prior work has predominantly examined hu-
man–AI collaboration in human-AI teams or human-human-AI
teams [24, 58, 63, 78], there is limited empirical understanding of
howAI agents shape group processes in larger teams.We situate our
study in four-member teams to capture the interaction dynamics
that characterize more realistic collaborative settings.

In this work, we draw on these insights to focus on two roles,
facilitator and peer, that occupy distinct parts of the design space.
The facilitator allows us to examine how an agent can structure and
guide collaborative problem solving. The peer enables us to explore
what happens when the agent positions itself as an equal sparring
partner. Unlike prior studies that place AI outside the group, assume
perfect knowledge, or consider them as tools, we embed agents
directly within co-located activity. By instantiating these roles as
functional probes, we study how design features influence both
group outcomes and the processes that mediate them.

3 Task Environment
Our study was designed around escape-room–style puzzles that
serve as co-located collaborative problem-solving tasks [14, 47]. In
designing the environment, we had three motivations: (1) tasks
needed to require active communication and coordination among
multiple group members, not passive or individual effort; (2) each
puzzle had to accommodate four co-located participants; and (3)
puzzles had to be adequately difficult to be engaging for at least 20
minutes for the group while remaining unsolvable by state-of-the-
art multimodal generative AI models when viewed in isolation. We
selected four-person groups because time-sensitive problem solving
with bigger team sizes requires teams to divide work, coordinate
across sub-tasks, and maintain shared situational awareness. This
setting allows us to observe how human–AI collaboration shifts as
these group processes take shape.

Puzzle Design. We created three puzzles (Puzzles 1–3), each con-
sisting of three interconnected sub-puzzles. Sub-puzzles were dis-
tributed across two screens, such that solving them required inte-
grating information from both displays. While individuals could
walk between screens, this was slower and more effortful than
communicating with teammates stationed at the other screen, thus
encouraging interdependence.

There were nine unique sub-puzzles across all conditions. This
avoided learning effectswhilemaintaining a consistent “two-screen”
theme. Sub-puzzles could be solved in parallel and each relied on
exclusive puzzle elements, opening up possibilities for division of
labor. We aimed for puzzles to last 15–25 minutes, though exact
difficulty varied because solutions often depended on sudden "Aha!"
moments when participants connected multiple pieces of informa-
tion. Sub-puzzle designs were inspired by cooperative online puzzle
games such as Acorn Cottage [1] and Alone Together [2].

We tested the puzzles against state-of-the-art multimodal and
reasoning generative AI models (e.g., GPT-4.1, o3, o4) to evaluate
model performance. While these models generated partial ideas by
linking elements across screens, they consistently failed to produce
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full solutions. This reinforced our goal of designing tasks that were
challenging for AI alone but could benefit from AI as a teammate,
sharing partial reasoning with human collaborators.

Implementation. The puzzles were implemented using HTML,
CSS, and JavaScript, and hosted on a Django server. Each puzzle’s
two screens corresponded to separate webpages. The countdown
timer was synchronized through a backend SQLite database that
stored the puzzle’s status (START/STOP). Puzzle elements included
both static images and interactive components. Here’s an example
of a sub-puzzle: in Puzzle 1 (Figures 2 and 3), Screen 2 contained
green and yellow buttons. When pressed in the order shown by the
Color Strip on Screen 1, these buttons triggered an “@” symbol to
appear in the slot above. This symbol then became a clue for the
next sub-puzzle, which required linking the Symbol and Buttons
element on Screen 1 with the Paper element on Screen 2.

4 Design of Generative AI Agents
We approached the agents as functional technology probes [36],
designed to explore qualities of proactivity and interdependence
that are central to human-AI teams [69]. Given the vast design space
of proactive agents and the rapid evolution of generative AI, our
probes are not intended as final or optimal solutions. Instead, they
serve as design instances that help us investigate how different
role configurations shape group dynamics and problem-solving
processes.

To address our research questions, we set out three design goals
for the agents: (1) they should work with multiple participants and
take on active roles within the group, rather than acting from the
outside; (2) they should not rely on perfect or pre-defined solutions,
but collaborate with humans to construct answers in real time; and
(3) they should act proactively, stepping in without waiting for
explicit prompts. These goals align with what’s currently possible
with generative AI, including summarizing complex dialogue, con-
textualizing responses within group discussions, and supporting
image-based puzzle solving. They also highlight the limitations
of generative AI, including its inaccuracy and lack of social and
cultural awareness.

Based on these goals, we designed two probes: Fiona, a process-
focused facilitator; and Ava, a task-focused peer. Together, they
represent two distinct regions of the design space for collaborative
AI agents. Our goal in designing the two agents was not to isolate
each design feature but to instantiate representative probes of the
facilitator and peer roles. The specific features we implemented
focused process-focused and task-focused mechanisms through
which these roles typically manifest. We used prior CSCW/HCI
literature [20, 34, 35, 51, 89, 108] and a formative study to identify
features which are characteristic of each role. We refined them
through a pilot to ensure that the two agents remained usable and
meaningfully differentiated.

We avoided adding further variations (e.g., agent gender [18] or
communication styles [107]), as these would introduce additional in-
terpretive ambiguity in comparing the two agent conditions. While
real-world AI teammates may blend multiple roles, testing facili-
tator and peer behaviors separately allowed us to first understand
their distinct impact before exploring adaptive or hybrid role con-
figurations. By examining facilitator-like and peer-like support

separately, we wanted to explore how each type of intervention
shaped group processes and outcomes.

The pilot study was conducted with four participants outside
of the research team. Across three sessions, the group solved two-
screened puzzles under different conditions: without AI support,
with a facilitator agent duplicated across both screens, and with
a peer agent duplicated across both screens. Each session lasted
20 minutes and was followed by a focus group interview to gather
feedback on puzzle difficulty, room setup, and experiences with
the agents, especially around usability. We iterated on the designs
based on this feedback. In the following sections, we describe the
agents’ features and implementation details.

4.1 Fiona: The Facilitator Agent
Meta-cognition, or “cognition about cognition,” enables groups to
reflect on and regulate how they process information, approach
problems, and coordinate efforts [92]. Prior work shows that groups
with strong metacognitive skills are better able to monitor progress,
adapt strategies, and leverage diverse perspectives, resulting in
improved outcomes [65]. Two processes in particular can benefit
groups: task monitoring, where groups regularly evaluate progress
toward goals and adjust their approach [46], and metacognitive
prompting, where questions or reminders encourage reflection on
decision-making and collaboration [98]. Previous HCI research
has supported these functions in contexts of group discussion and
brainstorming [20, 51, 108].

Building on these insights, we designed the facilitator agent
(Fiona) to scaffold groups’metacognitive processes during co-located
problem-solving. Rather than replacing human judgment, we de-
signed the facilitator agent to scaffold the group’s own reflective
capabilities, allowing them to remain aligned and adaptive to emerg-
ing ideas. The schematic user interface of the facilitator is presented
in Figure 2 along with the features. The screenshot of the facilitator
embedded within Puzzle 1 screen is shown in Figure 12. Fiona was
implemented with two core features:

(1) Group collaboration strategy prompts, time reminders, and
coordination support: The facilitator provided periodic re-
minders to regroup and prompted groups to divide up tasks
if necessary. For example, Fiona started the session by sug-
gesting the 1-2-4-All liberating structure, a well-established
facilitation technique where individuals first reflect indepen-
dently, then pair up, and finally synthesize as a group [56].
This approach is relevant for small groups working across
two shared displays, as it balances individual contributions
with collective integration. Fiona also sent time reminders
along with encouragement to keep communicating.

(2) Periodic discussion summaries: Every few minutes, Fiona
generated concise summaries of the last segment of discus-
sion and displayed them as idea cards. These summaries
were designed to help groups step back and evaluate what
had been covered, reinforcing task monitoring and ensuring
shared awareness of progress.

4.1.1 Iteration based on Pilot. We found that frequent interruptions
and long speech output from the facilitator disrupted the puzzle-
solving process. The initial implementation used screen overlays to
display up to four summaries grouped by puzzle elements, which
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Facilitator AI group collaboration strategy prompts

Periodic Discussion 
Summary

Periodic Discussion 
Summary

Timer

Screen 2

(A)

(B)

Puzzle Elements

Figure 2: Diagram of Screen 2, Puzzle 1 with the facilitator agent condition. The gray boxes represent the puzzle elements.
There are two main features of the facilitator agent (black box at the top): (A) The green text field shows where Fiona suggested
structured collaboration strategies like the 1-2-4-All liberating structure [56], provided time reminders, and asked groups to
divide up unsolved parts of the puzzle; (B) The blue text field displays Fiona’s summary of ideas discussed by group, presented
every three minutes.

Timer

Screen 1

Follow up prompts

Peer AI proactive 
thoughts

Chat messages

Chat system

(A)

(B)

(C)

Puzzle Elements

Figure 3: Diagram of Screen 1, Puzzle 1, with the peer agent condition. The gray boxes represent the puzzle elements. There
are three main features of the peer agent (black box on the right): (A) Ava proactively shared brainstorming thoughts every 3
minutes (displayed in the green text field), based on puzzle screenshots and contextualized by group conversations; (B) The
blue text field indicates that groups could follow up by asking Ava to explain or vary its ideas; and (C) Ava was available as a
chat-based partner on each puzzle screen, responding to user queries.
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blocked puzzle elements. It also relied on rigid countdowns to sug-
gest collaboration structures that constrained the group’s natural
pacing.

In response, we removed strict timing enforcement to allow
groups more flexible pacing during initial stages, eliminated screen
overlays so task elements remained visible, and added a short
demo/tutorial to set expectations. Fiona’s language was made more
concise, and the frequency of summaries was reduced to every three
minutes. Instead of reading out summaries, Fiona briefly mentioned
that new ideas had been added.

4.1.2 Implementation. To support time management, Fiona issued
three reminders at five-minute intervals beginning at the 5-minute
mark. An additional reminder at the 13-minute mark prompted
groups to divide the remaining puzzle elements among members,
work on them individually for one minute, and then share their
ideas. Summaries were generated every three minutes, starting 5
minutes and 15 seconds after the first reminder. We present the
timeline for these interventions in Figure 4. Each summary appeared
as two cards highlighting the ideas discussed in the preceding three
minutes, synchronized across both screens (Figure 2 (B)). Group
collaboration strategy prompts, as well as reminders about time and
task division, were delivered as static text in a top text box and read
aloud in full using a female voice from the Edge browser (Figure 2
(A)). Summaries were generated with the multimodal GPT-4.1-mini
model that used screenshots of the puzzle to ground the discussion.
The ongoing dialogue between the group members was transcribed
in real-time with the WhisperX model [4] and periodically stored in
the database. For each summary, the model was prompted with the
puzzle screenshots and the preceding three minutes of transcript.
The full prompt is provided in Appendix C.1.

4.2 Ava: The Peer Agent
We designed Ava to act as a teammate who could contribute ideas
without directly knowing the solution. The goal was to spark new
directions and mimic peer-like collaboration rather than function
as a facilitator or external advisor. This design draws on a growing
body of work showing the value of AI as a creative collaborator [35,
55, 89]. For instance, prior studies have found that brainstorming
with an AI partner can increase both the number and diversity
of ideas compared to human-only groups [97]. Similarly, Muller
et al. showed that “hybrid ideas”—those generated collaboratively
between humans and AI—were more likely to be rated as the best
ideas by the group [62]. At the same time, Shaer et al. cautioned that
AI can sometimes overwhelm groups with excessive contributions,
disrupting the collaborative flow [80].

While prior work demonstrates the potential of AI peers in
brainstorming and idea generation, the escape-room context poses
unique challenges. Unlike verbal brainstorming tasks, escape rooms
require groups to integrate distributed visual clues, test out ideas
quickly, and coordinate physical navigation between screens and
members. However, no prior studies have examined how an AI peer
might participate in such co-located, visual problem-solving tasks.

To better understand how Ava should interact in this setting, we
conducted a formative study. Our aim was to surface user prefer-
ences for how an AI peer should contribute, when it should inter-
vene, and how proactive its behaviors should be.

4.2.1 Formative Study. We recruited six participants for the for-
mative study, all of whom were regular users of generative AI. At
this time, we conducted individual testing to observe and gather
insights on each participant’s interactions and experiences. We
used a ChatGPT instance with the GPT-4.1-mini model selected
as the LLM to assist participants in solving the puzzle, as it’s a
multimodal model capable of reasoning directly over puzzle screen-
shots and producing fast responses. We used Puzzle 1 as the main
task, which was split across two monitor screens, with ChatGPT en-
abled on a third monitor. To provide context, we prepared a starter
prompt containing screenshots of both screens and an explanation
that the puzzle elements were connected across them. Participants
could then build on this prompt in their follow-up interactions with
ChatGPT.

Each participant was individually tasked to solve the puzzle with
the use of AI within a 20-minute time limit. Afterwards, a short semi-
structured interview was conducted to gather their experiences.
Based on the taxonomy for designing proactive AI agents [34], we
first asked participants to talk about the AI’s helpfulness and its
relevance in solving the puzzle. Then we asked them to speculate
on when a peer agent should contribute, including communication
styles and modality, and where on the puzzle interface it should
make its contributions. A summary of the common sentiments
across the participants during the formative study is shown in
Figure 5.

4.2.2 Design Features. Building on insights from the formative
study, we designed Ava to function as a voice-enabled peer-like
collaborator that sparks new directions, answers queries, and re-
mains embedded in the group’s ongoing puzzle-solving process.
Ava was designed to be proactive but brief, so that it could help in
time-sensitive tasks without overwhelming participants. Figure 3
shows the schematic user interface of the peer agent. The screen-
shot of Ava embedded within Puzzle 1 is shown in Figure 11. The
key features include:

(1) Proactive Idea Contributions: Every three minutes, Ava sur-
faced a new “thought” grounded in the puzzle elements vis-
ible on the two screens and contextualized by the group’s
recent dialogue (Fig. 3A). Ava announced, "I have a thought!"
followed by a notification sound to get the attention of the
group before reading out the thoughts. These contributions
were intentionally framed as tentative peer ideas, rather than
authoritative solutions, to maintain Ava’s role as a collabora-
tor rather than a solver. This design choice was motivated by
formative findings that participants valued AI-generated per-
spectives but grew frustrated with prompting and lengthy
responses. Ava’s short and focused suggestions sought to
trigger human reasoning without taking over the problem-
solving process.

(2) Interactive Follow-ups: Each of Ava’s ideas (Fig. 3B) included
lightweight follow-up options such as “How did you arrive
at this idea?” or “Can you suggest another variation?” This
interactivity allowed group members to probe deeper only
when they found an idea promising. This design directly
responded to participants’ requests for succinctness, with
optional elaboration available on demand.
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Figure 4: Timeline of proactive interventions from the facilitator (top row) and peer (bottom) agents during the 20-minute
session
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Figure 5: Themes across the participants that describe their experiences when solving a puzzle with generative AI during the
formative study (FS). Participant quotes are marked as FS-P<id> in the themes.

(3) Embedded Chat Partner: Ava was also available as a chat-
based partner anchored within the puzzle interface (Fig. 3C).
Positioning the agent directly on-screen minimized context
switching between task work and AI interaction, which was
a concern raised in the formative study. Ava’s chat persona
was framed as a “friendly digital partner” who only had
access to puzzle snapshots, openly disclosing its limitations.
This transparency helped set expectations and reinforced
Ava’s role as a peer rather than an omniscient solver. The
chat feature opened up a two-way communication channel
to get on-demand support.

4.2.3 Implementation. Ava presented six proactive “thoughts” to
both screens during each puzzle session, delivered at three-minute
intervals (shown in Figure 4). We chose this pacing to provide con-
sistent nudges without overwhelming the group’s own dialogue.
The proactive thoughts were pre-generated using OpenAI’s o3

model, which offered strong reasoning performance but required
over a minute to generate a response. By preparing them in ad-
vance, we ensured that ideas could be delivered instantly during the
session and that all groups experienced the same set of proactive
contributions for comparability. The prompt for generating these
thoughts is provided in Appendix C.2.

We found that none of these ideas generated from this prompt
gave away the solution, as the AI ideas used some of the distractions
in the puzzle and couldn’t guess the exact connection between the
elements. For example, the first thought for Puzzle 1 was "Look
at Screen 1’s slanted bar, read green box = 1 and yellow box = 0
to get the binary string 110100101 (decimal 421)." Now, the binary
conversion is not part of the solution, but reading the Color Strip
on Screen 1 (Figure 3) can spark ideas for pressing the green and
yellow buttons on Screen 2 (Figure 2) in that order. Similarly, half
of the thoughts in all three puzzle conditions connected the right
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elements across the two screens. Therefore, the peer acted as an
imperfect teammate, which was clarified before and during the
start of the session. During the session, each proactive thought was
contextualized in real time to match the group’s ongoing discussion.
This was accomplished using gpt-4o-mini, a faster model well-
suited for tasks such as summarization and contextualization. Ava
linked each pre-generated idea to the recent transcript summary
using the prompt described in Appendix C.3.

In addition to proactive ideas, Ava also supported on-demand
chat interactions. Chat interactions were powered by gpt-4.1-mini,
a multimodal model capable of reasoning directly over puzzle
screenshots and producing fast responses (less than 2 seconds).
The prompt guiding this chat interaction is provided in Appendix
C.4.

5 Methods
5.1 Study Design
We conducted a within-subjects user study with six groups of four
participants each. Every group completed three sessions, with each
session featuring a different puzzle and one of three AI conditions:
no AI, peer Agent, or facilitator agent. Each session was capped
at 20 minutes, providing sufficient time for groups to collaborate,
interact with the AI agent (when present), and attempt to solve the
puzzle.

To control for order effects such as learning, fatigue, or puzzle
familiarity, we counterbalanced the condition order across groups
using a six-sequence Latin square design (Table 1). This ensured
that each condition appeared equally often in each position across
the study and that each puzzle could be experienced with every AI
condition twice. The study took place in a room where participants
could move around and work on puzzles distributed across two
screens, as shown in Figure 6.

5.2 Measures
We first administered a pre-study survey that included basic demo-
graphic questionnaires. In the main study, we administered surveys
based on the presented conditions. When participants completed
a session with an AI condition (peer or facilitator), we measured
group coordination using the Perceived Coordination scale [74],
subjective workload using NASA TLX [30], and the AI’s impact
using the AI Perception scale [5]. In the No AI condition, all surveys
were administered except for the AI perception scale.

The Perceived Coordination Scale by Resick et al. [74] was
adapted from Tesluk and Mathieu’s instrument for assessing col-
laborative team processes [91]. Participants rated statements such
as “People on my team helped each other out when needed” and
“My team coordinated activities to make this run smoothly” on a
5-point Likert scale (1 = Strongly Disagree, 5 = Strongly Agree). We
measured subjective workload after each session using the NASA
Task Load Index (NASA-TLX), which captures dimensions such
as mental demand, temporal demand, effort, and frustration. We
adapted the AI Perception Scale introduced by Bendell et al. [5],
which assessed perceptions of the agent’s utility, interpretability,
trustworthiness, and its impact on teamwork. Example items in-
cluded “The AI agent’s recommendations improved our team score”,
“I felt comfortable depending on the AI agent”, and “I understand

why the AI agent made its recommendations.” All items were rated
on the same 5-point Likert scale. We provide details of the survey
scales in Appendix E.

The performance of groups was measured by providing a score
to each session based on their progress. Each puzzle had 3 sub-
puzzles and was worth 5 points, with no partial points. So, there
was a total of 15 points and no extra points for escaping early.
We defined success in these puzzles as finding the elements that
were connected across the two screens, interacting with them in
a specific manner, and getting to the final solution by following
through with the idea. We did not want to incentivize how fast
participants got to the solution.

5.3 Participants
The user study comprised 6 groups, with 4 participants each. We
recruited a total of 24 participants through voluntary convenience
sampling from an internal company institution. The participant age
range from 24–51 years old (M = 32.16, SD = 8.14) with 19 males
and 5 females. In our participant pool, the majority of participants
had little to no experience with escape room-style games, with 87%
answering Rarely or Never, while 75% often used AI in their daily
life and work. There was no direct compensation for participating in
the study as directed by the review board in the institutional setting.
The study was approved by Honda R&D Bioethics Committee.

5.4 Procedure
Prior to the start of the study, we obtained informed consent from
participants and subsequently administered the pre-study survey
to collect basic demographic information. We then provided an
overview of the study context and the overall tasks. Based on the
session condition, we presented a brief overview of the AI agent that
the participants will interact with before starting the puzzles. For
the peer AI condition, we emphasized that the peer agent does not
have the solution and can only share thoughts related to the puzzle.
Similarly, we emphasized that the facilitator agent cannot provide
ideas to solve the puzzle. We did not require or ask participants
to use the agents explicitly. Lastly, we discussed that any external
devices or internet access is not allowed during the session, and the
experimenters will not be able to provide hints to solve the puzzles.

The main experiment consisted of three sessions, each with three
different puzzles with a 20-minute time limit. Groups interacted
with the AI agents based on the study design (see Table 1). After
each session, the participants were provided with the main study
survey questionnaires (Section 5.2). After all the sessions were
completed, we conducted a 25-30 minute focus group interview to
gather the group’s overall experience solving the puzzles as well as
their perceptions and interaction with the different AI agents.

As our study reflects the interaction of both role design and
specific feature implementations, our interviews explicitly traced
participants’ reactions to the concrete design choices (Section 4).
During the focus group, we went through each of the three sessions
and asked participants to describe their performance and teamwork.
We followed up on how the AI agent features impacted their perfor-
mance and collaboration for the two AI conditions. The interview
guide is provided in Appendix D. Each session lasted from 100-110
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(a) Screen 1 of puzzle 2 peer AI condition. (b) Screen 2 of puzzle 2 peer AI condition.

(c) Real-time transcription of group dialogue. (d) Group interaction during puzzle 2 task

Figure 6: Recording of Group 6, Session 2 (Puzzle 2 with the peer agent). The top panels, (a) and (b), capture the two puzzle
screens, each displayed on separate TVs connected to laptops. (c) Each participant wore a lavalier microphone, and their audio
was merged into a single channel and transcribed in real time using WhisperX [4]. These transcripts were used by the peer
agent to contextualize responses and by the facilitator to generate summaries. (d) Finally, a room camera captured group
interactions and overall activity throughout the session.

Table 1: The puzzle and AI conditions for the six study sessions

Group Session 1 Session 2 Session 3

T1 Puzzle 2 + no AI Puzzle 3 + facilitator AI Puzzle 1 + peer AI
T2 Puzzle 1 + peer AI Puzzle 3 + facilitator AI Puzzle 2 + no AI
T3 Puzzle 3 + peer AI Puzzle 1 + no AI Puzzle 2 + facilitator AI
T4 Puzzle 2 + facilitator AI Puzzle 1 + no AI Puzzle 3 + peer AI
T5 Puzzle 1 + facilitator AI Puzzle 2 + peer AI Puzzle 3 + no AI
T6 Puzzle 3 + no AI Puzzle 2 + peer AI Puzzle 1 + facilitator AI

minutes, depending on the time taken to escape the puzzle rooms
and the focus group durations.

5.5 Data Collection and Analysis
We collected both quantitative and qualitative data from the six
study sessions where groups worked together with and without
generative AI agents. The different data sources were: (1) observa-
tion notes during the sessions and from their recordings; (2) surveys
filled out by participants before the session and after experiencing
each puzzle; (3) focus-group interviews with each group.

The group interviews were conducted via Microsoft Teams using
the recording and transcription features. Data quality checks on the
automated transcriptions were conducted to ensure accurate trans-
lation, and any incoherent transcriptions were manually revised by
the first author using the available recordings.

Our quantitative analysis drew on data from surveys conducted
after each puzzle-solving session during the study (Table 1). We
evaluated internal consistency for all multi-item scales using Cron-
bach’s alpha. Reliability was acceptable across measures based on
our data: Perceived Coordination (𝛼 = .87) and AI Perception Scale
(𝛼 = 0.83). We followed the process described in the papers that
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introduced the scales to aggregate individual scores into composite
scores and group-level scores where applicable. The Perceived Co-
ordination scale items were aggregated into a composite score by
averaging the scores across the five scale items. Then these compos-
ite scores were averaged for the four group members to get a group
score for perceived coordination [74]. The AI Perception scores
for each scale item were also aggregated across the four group
members by averaging [5]. NASA-TLX scale items were summed
up for each participant for each puzzle-solving session to arrive at
the composite score.

We assessed the suitability of the 16-item survey for factor anal-
ysis. The Kaiser–Meyer–Olkin (KMO) statistic indicated acceptable
sampling adequacy (overall KMO = 0.676), and Bartlett’s Test of
Sphericity was significant (𝜒2 (120) = 536.14, 𝑝 < .001), support-
ing factorability. An exploratory factor analysis using maximum
likelihood extraction and oblimin rotation yielded a three-factor
solution corresponding to perceived coordination, workload, and
AI perception constructs. The model showed good fit (TLI = .98,
RMSEA = .01, RMSR = .08). Full loadings and factor correlations
are provided in Appendix G.

We performed Align Rank Transform (ART) [99] before run-
ning ANOVA tests for our data analysis because our data included
bounded Likert-type scales and small group-level sample sizes,
which made parametric modeling inappropriate. ART-ANOVA al-
lows nonparametric testing of both main effects and interactions
in factorial designs [99], which was essential for examining the
combined influence of AI Condition (Peer, Facilitator, and No AI)
and Puzzle difficulty (Puzzles 1, 2, and 3) in our within-subject
study. We used the ARTTool package in R for our analysis [99]. For
each dependent variable, we applied an ART model that treated AI
condition and puzzle as fixed effects and each group as a random
intercept, reflecting the six-sequence Latin square design of the
study (Table 1). We performed post-hoc pairwise analyses using
ART-c [21] with Holm-Bonferroni corrections and reported effect
sizes using Cohen’s 𝑑 .

Our qualitative analysis followed the guidelines from Braun and
Clarke’s [7, 8] reflexive thematic analysis. We used an inductive
and deductive approach to allow the codes and themes to be con-
structed from participants’ experiences, yet still being guided by
our research questions. Following the reflexive and interpretive
nature of thematic analysis, we approached the analysis with the
goal of building a thematic narrative that illustrates the potential
influences of AI roles in collaborative group tasks. Therefore, we
did not pursue inter-rater reliability since we considered the cod-
ing to be an interpretive and reflexive process rather than a fixed
and stable outcome of the analysis [57]. Following the reflexive
approach from Vakeva’s work [93], we also acknowledge that our
interpretations were shaped by prior experiences with AI agents,
which also influenced the design of the experimental conditions.
Rather than treating these as biases, we view them as valuable
perspectives that inform our critical interpretation of participants’
accounts.

The thematic analysis was initiated by the first author, reading
through the focus group interview transcripts and reviewing ob-
servation notes to be immersed in the context of the data. After
becoming familiar with the data, the first author began extracting
quotes relevant to the described experiences of the participants with

the two AI roles, inductively generating initial codes to describe
the extracted data. Some broad topic domains like ‘description of
AI feature use’, ‘positive experiences of feature use’, ‘negative expe-
riences of feature use’, and ‘suggested improvements to features’
were conceptualized. Afterwards, the initial codes were compared
and arranged into relative topic domains that further described
the variations in participant experiences with the facilitator and
peer roles. Following the development of topic domains, the themes
were generated in collaboration with the second author through
iterative refinement and development.

6 Quantitative Findings
We present ART-ANOVA analysis results for the dependent vari-
ables of group scores, perceived group coordination, workload, and
AI perception collected through rubrics and surveys in the follow-
ing subsections. The detailed results are tabulated in Appendix F
(Tables 2 and 3).

6.1 Group Performance
ART-ANOVA revealed significant main effects of both AI Condition
(𝐹 = 13.33, 𝑝 = .006) and Puzzle (𝐹 = 16.66, 𝑝 = .004) on group per-
formance. The Condition × Puzzle interaction did not reach signifi-
cance. Estimated marginal mean (EMM) showed that performance
was highest in the facilitator condition (EMM = 14.50), followed by
no AI (EMM = 9.33), with the peer condition lowest (EMM = 4.67).
Post hoc comparisons indicated that groups performed substan-
tially worse with the peer than with the facilitator (𝛽 = −9.83, 𝑆𝐸 =

1.91, 𝑡 = −5.16, 𝑝 = .006, 𝑑 = −2.98). Differences between facilitator
and no AI (𝛽 = −5.17, 𝑆𝐸 = 1.91, 𝑡 = −2.71, 𝑝 = .070, 𝑑 = −1.57) and
between no AI and peer (𝛽 = 4.67, 𝑆𝐸 = 1.91, 𝑡 = 2.45, 𝑝 = .070, 𝑑 =

1.41) showed similar trends but did not reach significance.
Puzzle difficulty also shaped outcomes. Puzzle 1 produced the

highest scores (EMM = 15.50), while Puzzles 2 and 3 yielded lower
and similar scores (both EMM = 6.50). Post hoc comparisons con-
firmed that Puzzle 1 resulted in significantly higher performance
than both Puzzle 2 (𝛽 = 9.00, 𝑆𝐸 = 1.80, 𝑡 = 5.00, 𝑝 = .007, 𝑑 = 2.89)
and Puzzle 3 (𝛽 = 9.00, 𝑆𝐸 = 1.80, 𝑡 = 5.00, 𝑝 = .007, 𝑑 = 2.89). Puz-
zles 2 and 3 did not differ. Figures 7a and 7b show the distribution
of scores by AI condition and puzzle respectively.

6.2 Perceived Group Coordination
We found no significant effects for perceived coordination based on
ART-ANOVA. AI Condition did not influence ratings (𝐹 = 0.22, 𝑝 =

.812), and Puzzle also showed no effect (𝐹 = 1.01, 𝑝 = .418). The
Condition × Puzzle interaction was not significant (𝐹 = 1.08, 𝑝 =

.459). Coordination ratings remained high across all conditions
(shown in Figure 8), with EMMs of 10.17 for Facilitator, 9.17 for
Peer, and 9.17 for No AI. Puzzle-level ratings were likewise similar
(EMMs: Puzzle 1 = 10.83, Puzzle 2 = 9.00, Puzzle 3 = 8.67).

6.3 Workload
ART ANOVA showed that subjective workload from NASA-TLX
composite scores differed across both AI Condition and Puzzle.
There was a significant main effect of Condition on NASA-TLX
ratings (𝐹 = 5.75, 𝑝 = .005). Post hoc contrasts showed that the peer
agent produced significantly higher workload than the facilitator
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(𝛽 = −17.10, 𝑆𝐸 = 5.63, 𝑡 = −3.04, 𝑝 = .011, 𝑑 = −0.88) and No AI
(𝛽 = −15.90, 𝑆𝐸 = 5.63, 𝑡 = −2.82, 𝑝 = .013, 𝑑 = −0.82) conditions.
The facilitator and No AI conditions did not differ. Puzzle difficulty
also affected workload (𝐹 = 16.78, 𝑝 < .001), with participants
reporting the lowest demands for Puzzle 1 (EMM = 19.7) and much
higher demands for Puzzle 2 (EMM = 44.1) and Puzzle 3 (EMM =
45.7). Post hoc tests confirmed that Puzzle 1 differed significantly
from Puzzle 2 (𝛽 = −24.42, 𝑝 < .0001) and Puzzle 3 (𝛽 = −25.96, 𝑝 <

.0001). Puzzle 2 and Puzzle 3 did not differ significantly. These
findings highlight that the peer condition and the harder puzzles
imposed a substantially higher workload on participants (Table 2).
Figure 9 shows the NASA-TLX survey responses across the puzzles
and AI conditions.

6.4 Perception of AI Agents
Based on ART-ANOVA results across measures, significant effects
emerged for the item “The AI agent’s recommendations improved
our team coordination.” Here, we observed a main effect of AI
Condition (𝐹 = 122.50, 𝑝 = .002), with the peer agent rated sig-
nificantly higher than the facilitator (𝛽 = 5.83, 𝑆𝐸 = 0.527, 𝑡 =

11.07, 𝑝 = .002, 𝑑 = 6.39). We also found a main effect of Puz-
zle (𝐹 = 8.87, 𝑝 = .018), indicating that perceived coordination
support varied by puzzle difficulty. Post hoc comparisons showed
that Puzzle 1 was rated higher than Puzzle 2 (𝛽 = 5.25, 𝑆𝐸 =

1.68, 𝑡 = 3.12, 𝑝 = .044, 𝑑 = 2.43), and Puzzle 3 higher than Puz-
zle 2 (𝛽 = −6.75, 𝑆𝐸 = 1.68, 𝑡 = −4.01, 𝑝 = .024, 𝑑 = −3.13). The
interaction between Condition and Puzzle was not significant.

In contrast, for the item “The AI agent’s recommendation im-
proved our team score,” neither AI Condition nor Puzzle reached
significance with ART-ANOVA (𝐹 = 5.33 and 𝐹 = 3.27, respec-
tively; both 𝑝 > .10). There was also no significant interaction.
EMMs showed higher ratings for the peer agent (EMM = 8.83) than
the facilitator (EMM = 4.17), but these differences did not reach
statistical significance. Puzzle 3 yielded the highest ratings (EMM
= 9.75), followed by Puzzle 1 (EMM = 6.00), with Puzzle 2 lowest
(EMM = 3.75).

Other perception items showed no significant effects of AI Con-
dition or Puzzle. These included feeling comfortable depending
on the agent, understanding its recommendations, and judging its
trustworthiness. Figure 10 shows the distribution of AI Perception
survey scores.

7 Qualitative Findings
In the following sections we present our findings from our group
interviews and observations that describe their experiences with
the two generative AI agents during collaborative problem-solving
tasks. We conceptualize our results into themes that illustrate the
influence of each agent role on their group performance and group
processes. An overview of the sub-themes is presented in Figure 1.

7.1 Facilitator Agent
7.1.1 Theme 1: Provided Early Guidance and Subtle Anchors.

Structuring Early Collaboration. At the beginning of collaborative
tasks, participants approached the facilitator agent with curiosity.
Some groups (3/6) followed its early suggestions, such as “look
at other screen”, even when these reiterated behaviors they were

already engaged in. When the facilitator AI was introduced in
the very first session (e.g., groups 4 and 5), its guidance strongly
shaped how groups organized themselves. Participants treated its
interventions almost like “rules”, adopting practices such as rotating
screens after short intervals and dividing puzzle elements among
members. While these structures were not actively reinforced by
the AI in later sessions, they often persisted with that workflow.
Even participants (3/24) in groups that did not have the facilitator in
their first session mentioned that such guidance could have helped
them orient more quickly. As P4 explained, “In session one, we
totally had no idea about what is the setting. . . if it could provide
something like ‘split the group and focus on screen one,’ that would
help.”

Anchors for Shared Focus. Once groups (6/6) had begun to estab-
lish their own rhythm, the facilitator shifted into a quieter role:
not directing the group, but anchoring its focus and maintaining
structure when needed. For participants with prior experience in
escape room puzzles (3/24), the facilitator’s suggestions on work
division and team structure were not novel, but were valued as
reminders. The agent functioned as a grounding presence as P18
described, “It was more like a grounding element, like a teacher in
the room or like a moderator in an exam room. Like you do your
thing, but I’m there.” This sense of quiet oversight was appreciated,
with P18 further noting, “It gives us clear, you know, what we did,
what we talked about, instead of giving us something that can lead
us to somewhere else, I think this is the right amount of AI.”

A typical facilitator summary looked like this: “The team dis-
cussed converting given values into a time format (hour, minute,
second) and trying different button-press patterns according to
arrow directions.” (Group 5) Sometimes such summaries surfaced
useful details that drew collective attention. P14 recalled, “I remem-
ber that moment when the AI cue with the offset 30 popped out and
then everyone focused on that and we were able to solve.” Subtle
prompts to divide tasks also offered helpful nudges. As P22 reflected,
“One time in the middle it kind of reminded us to split the task...that
actually helped because we were going back and forth together.”

7.1.2 Theme 2: Misaligned Support Led to Declining Use and Disen-
gagement Over Time.

Limited Impact. Across groups (6/6), participants felt that the
agent had little effect on puzzle performance. Summaries were fre-
quently described as redundant, overly lengthy, or poorly timed—factors
that limited their usefulness under time pressure. As P9 put it, “It
was just saying what we already said. . . So I don’t really think the
summary helped at all.” Similarly, P17 explained, “When I saw the
summarization, probably that was like couple minutes ago. . . by
then I already knew which parts I should work on.” Participants
(10/24) often emphasized that their existing communication made
the AI’s inputs unnecessary.

Many groups (4/6) relied more on human teammates than on the
agent to coordinate work, with some comparing its role to an un-
needed manager. P1 explained, “I only want to take hints from the
AI or use it to remember what I’ve been saying. But. . . from a team
process level, my teammates are more reliable.” Once communica-
tion patterns solidified, the AI’s contributions became increasingly
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Figure 7: Group scores across puzzles and conditions. Error bar shows the standard error. Asterisks (*) indicate significant
pairwise differences based on post hoc comparisons.
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Figure 8: Comparison of Perceived Coordination Survey Re-
sponses across Conditions.

redundant. As P15 noted, “We already had a good enough com-
munication and collaboration from the first puzzle. So we kind of
already solved that facilitation issue.”

Groups (3/6) also described their interactions as primarily brainstorming-
driven, which clashed with the agent’s retrospective style of sum-
marization. P23 summarized this disconnect: “Our communication
was brainstorming, not strategic. The AI summaries didn’t spark
anything, they just restated what was already there.” While some
(4/24) acknowledged that short, targeted summaries might enhance
coordination, the implementation was misaligned with the group’s
fast-paced, improvisational style.

Added Cognitive Burden. Building on participants’ critiques of
redundancy, some (6/24) described the agent as not just unhelpful
but disruptive. In groups 1, 4, and 6, interventions sometimes inter-
fered with momentum rather than supporting it. As P2 reflected,
“Maybe if we were all standing around and doing nothing, then that
might have helped. But. . . I think that actually disrupted our flow.”

Rather than lightening the workload, the agent introduced a
subtle distraction when Fiona spoke up to introduce summaries.
The two-line summaries required extra attention at moments when
participants already felt pressed for time. As P11 explained, “The
time pressure gets me going, not wanting to read the AI. . . I would
rather interact with the person who said that.”

Marginalized Over Time. We observed that initial curiosity about
Fiona’s summaries quickly faded as the task progressed. While
some participants (7/24) glanced at outputs early on, most (20/24)
reported forgetting or ignoring the agent as time pressure mounted.
As P7 described it, “At some point, I just forget about its existence.
I kind of just ignored it.” By the latter half of puzzles, the agent
was largely sidelined, with participants only occasionally glancing
at the output if it appeared concise or relevant. This decline was
amplified by prior negative experiences with the peer agent, which
reduced trust: “My trust in the AI system was reduced because of
the previous round. . . so I discouraged people from even looking at
it.” (P22)

7.2 Peer Agent
7.2.1 Theme 1: Enhanced Problem Solving by Offering Timely Hints,
Memory Offloading, and Exploratory Support.

Timely Hints Boosted Group Performance. Unlike the facilitator
agent, Ava was remembered for its ability to steer groups toward
solutions, especially at moments of impasse. Participants in Group
2 attributed much of their puzzle progress directly to its thoughts
that were perceived as hints. As P5 explained, “Most of the tasks
we solved were hints given by the agent. . . it basically directed us
towards correct answers.”

The usefulness of the peer agent was closely tied to the timing
of its contributions. Participants (9/24) valued nudges most when
momentum had stalled. As P10 summarized, “We were pursuing
an idea for some time and maybe we weren’t going anywhere, and
that’s exactly when it popped up. . . so it was useful.” Some partici-
pants (4/24) also wished that the peer agent had been available in all
sessions, ideally in a form that could be invoked on demand. As P22
explained, “I would have preferred an invokable AI agent. . . because
we were stuck on a bunch of things and it was like maybe just, ‘Do
you think that photo frame having three sides is relevant?”’

Offloaded Memory and Calculation Tasks. Beyond offering hints,
the peer agent was valued as a dependable support for offload-
ing memory and calculation work. Participants used it to handle
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Figure 9: Raw NASA-TLX scores across conditions and puzzles. Asterisks (*) indicate significant pairwise differences based on
post hoc comparisons.
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Figure 10: Comparison of AI Perception Survey Responses between facilitator and peer conditions. Asterisks (*) indicate
significant pairwise differences based on post hoc comparisons.

number-to-letter conversions, decode Morse code, recall prior de-
tails, and combine information across screens. As P2 explained, “A
lot of those tasks have a long context. . . we had to rely on her to
remember those things, but humans you probably make mistakes.”
Similarly, P4 emphasized its reliability in arithmetic: “I was trying
to decode...doing the math, but I do it wrong. . . she do a really good
job on remembering.”

Participants (5/24) also described how the peer agent supported
problem-solving by confirming their thoughts about puzzle ele-
ments and providing targeted clarifications. For instance, P12 re-
called, “It did have us identify that it is Morse code and what Morse
code was saying.” P11 noted its usefulness in keeping the group
oriented: “One thing that helps is it actually reminds you some
details. . . guides you back to what you want to focus.” The system’s
responses also preserved parallel streams of thought by record-
ing questions and ideas that might otherwise be forgotten. As P4
reflected, “Maybe everyone has different ideas and it’s hard to mem-
orize everyone’s idea. . . with AI probably. . . that sort of records the
idea [when you type out a question].”

Chat Provided Space for Orientation and Exploration. We exam-
ined system log data from the embedded chat interface of the peer
agent to understand how often groups engaged with it. Engage-
ment levels varied across groups (M = 11.5, SD = 5.5), with some
teams using the peer chat and follow-up prompts frequently while
others interacted with it only occasionally. We further reviewed the
recorded study sessions to count how many times individual partic-
ipants engaged with the chat features. Most participants exhibited
low engagement, with 16/24 participants recording only 0–3 inter-
actions, while only 5/24 participants showed high engagement (6–9
interactions). There was an average of 2.83 interactions (SD = 2.53).
The dedicated follow-up buttons of “How did you arrive at this
idea?” and “Can you suggest another variation?” were used only
twice across all six sessions, suggesting that participants primarily
engaged with the agent using their own prompts.

Groups engaged with Ava through text chat in varied ways,
using it to orient themselves and probe puzzle elements. Groups 1
and 3 began by asking high-level questions, starting with “What
are we trying to solve?” In fact, half of the groups interacted with
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Ava through chat even before its first proactive thought appeared
around the three-minute mark.

Most queries (42/67) focused on specific puzzle elements and
their functions, often phrased with reference to their labels. Partic-
ipants asked questions like, “What does the symbol between veg
and triad mean?”, “What are the blinking lights for?”, or “Can you
count the colors for us?” Groups (2/6) occasionally debated an open
question before typing it into the chat, sometimes duplicating the
same query across both screens.

Chat was also a channel for exploration, where participants
sought additional ideas after uncovering new puzzle information.
For example, after manipulating grid elements in Puzzle 2 to reveal
a heart symbol, P21 asked, “What do I do with a heart symbol?”

7.2.2 Theme 2: Misaligned Interactions Disrupted Flow, Added Effort,
and Fragmented Communication.

Disrupted Flow and Reactive Engagement. Although the peer
agent sometimes provided useful hints, participants (14/24) also
described how its outputs disrupted the natural flow of collabora-
tion. Suggestions were often vague, mistimed, or irrelevant to the
group’s immediate focus. P14 noted, “Sometimes I see the answers
from AI kind of confuse me. . . it points out which might be related
to which, but not in a very specific way.” Some wished for clearer,
more directive cues, with P15 reflecting, “Whatever hints it gave,
we need to interpret. . . probably it’s better if AI just tells you like
‘focus on this part.”’ In some cases, verbose input even made tasks
feel harder than they were: “It made it look harder than what it
actually was. We fell in the loop. . . I kind of was disappointed.” (P14)

The timing of interventions often compounded this disruption,
with unsolicited input breaking group momentum. P18 recalled,
“Ava would come out of nowhere and be like, so if you look at this
and this means this. . . and we’re like, not right now.” In several
groups (3/6), this dynamic pushed groups into a reactive mode,
working collectively in response to AI suggestions rather than di-
viding tasks or generating independent hypotheses. As a result,
collaboration became less self-directed and more tethered to inter-
preting Ava’s outputs.

Cognitive Burden. Participants (10/24) emphasized that interact-
ing with the peer agent often introduced more effort than it saved.
Typing prompts and parsing lengthy responses added friction in a
fast-paced setting. As P4 explained, “Thinking in my head is faster
than consolidating that and putting it in the prompt.” Others echoed
concerns about the format: “The outputs right now were very long
to process in a time-constrained setup.” (P8)

Participants (6/24) also struggled to develop a clear mental model
of the peer agent, citing unclear roles and capabilities. P9mentioned,
“Sometimes we don’t know how to ask a good question. We don’t
know this AI, we don’t understand its capability.” Several (4/24)
noted that their limited experience with the system constrained its
usefulness. P6 reflected, “If we had the AI maybe on the third one,
we could interact in a better way, asking more correct questions
that could be more efficient.”

Trust Erosion Through Over-Reliance and Unmet Expectations.
Ava’s interventions sometimes undermined trust within groups.
Participants (8/24) described how its confident outputs encouraged

reliance without offering reasoning, which in turn reduced group-
led problem solving. As P14 admitted, “It gave us information. . .
but the issue is there was no reasoning behind it. It just gave us
the final output, and we didn’t know if it was right. I just trusted
her completely—I thought we were dumb to understand.” When
such outputs proved unhelpful, the result was disappointment. P23
reflected, “I expected it to come up with something that we have
not thought about... but it didn’t.” The gap between expectations of
an “intelligent” peer and the reality of inconsistent support eroded
participants’ confidence in the system. As P22 summarized, “I think
since most people didn’t trust it a lot, so it didn’t really add to
collaboration.”

Siloed Communication and Fragmented Awareness. Compounding
issues of cognitive burden and trust, the peer agent sometimes
reshaped communication in ways that fragmented teamwork. As
chat-based exchangeswere not voiced aloud, it resulted in confusion
and redundancy. As P1 described, “There was one time where. . .
people had individually been talking to Ava. . . but without like
talking out loud. . . then we were like, ‘oh wait, what did Ava say?”’
These private interactions created parallel conversations that left
some participants out of the loop.

Several participants (7/24) admitted that engaging with the AI
reduced their group involvement. P16 reflected, “For me personally,
I think this was the one that I was less engaged with the others. . .
I spoke very less during this puzzle than during any of the other.”
Others noted that typing to Ava pulled them away from shared con-
text. This dynamic was described as akin to interacting with a “fifth
teammate,” but one that fragmented rather than enriched group
collaboration. P3 explained, “It definitely changes the dynamic. . .
you have this fifth person that you interact with kind of alone.”

7.2.3 Theme 3: Varied Trajectories of Agent Use Showing Contrasting
Patterns of Enthusiasm, Reliance, and Disengagement.

Reliance on Hints Giving Way to Positive Reflections. In the first
trajectory, we observed that groups 2 and 3 began with strong
reliance on Ava’s hints. They treated its suggestions as decisive,
turning to its “thoughts” when stuck. Ava often directed them to-
ward answers, and the group followed its lead. They continued to
engage with the peer throughout the session. In the focus group,
these groups reflected that more deliberate engagement might have
helped them collaborate effectively. As P6 recalled, ". . .we could
have used the agent more, and the conclusion after the first experi-
ment was that we should use the agent more. But the problem was
in the next two [sessions] we didn’t end up having agent."

From Early Enthusiasm to Dependence and Disillusionment. In
the second trajectory, groups 1 and 4 eagerly embraced the AI as
a helpful partner, treating its early suggestions as breakthroughs.
But this excitement soon shifted into dependence, with participants
waiting for AI thoughts and query responses and interacting less
with one another. When the AI’s reasoning later fell short, the over-
reliance turned into frustration and disappointment. For example,
P3 described how, when Ava’s first proactive thought surfaced,
it seemed strikingly clever compared to the group’s reasoning,
prompting him to shift his attention toward the AI. But when a
teammate solved the same sub-puzzle with a simpler approach, he
lost trust in Ava altogether.
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From Initial Curiosity to Frustration and Eventual Disengagement.
The third trajectory reflected a sharper arc from curiosity to dis-
engagement. At first, participants from groups 5 and 6 framed the
AI as a potential teammate and actively explored its capabilities.
Their expectations were high, and they experimented with asking
questions to probe its usefulness. However, unfamiliarity with its
limits soon led to confusion, and poorly timed or repetitive out-
puts disrupted the flow of collaboration. For example, in Group
6, P23 initially paid close attention to Ava’s proactive thoughts,
but when several suggestions repeated information the group had
already used to solve an earlier sub-puzzle, she gradually stopped
engaging with them. As such frustrations mounted, these groups
redirected their attention to one another, gradually sidelining the
AI and disengaging from it.

8 Discussion
In this section, we synthesize our quantitative and qualitative find-
ings to answer the research questions and provide design consider-
ations for future AI agents. First, we examine how the facilitator
and peer roles shaped performance and participants’ perceptions.
Next, we describe how these roles influenced coordination, commu-
nication, and workload during the task. Finally, we outline concrete
design considerations grounded in the features that shaped teams’
experiences.

8.1 RQ1: How did different AI agent roles (peer
vs. facilitator) influence group performance
in co-located, time-sensitive
problem-solving tasks?

Our findings reveal a disconnect between how participants per-
ceived the AI agents’ contributions and the actual performance
outcomes across conditions. Objectively, groups performed best
with the facilitator agent, followed by the no AI condition, and
worst with the peer agent. AI Condition had a significant effect on
performance, and post hoc comparisons showed that the facilitator
condition outperformed the peer condition. Puzzle difficulty also
impacted scores, with groups scoring significantly higher in Puzzle
1 than Puzzles 2 and 3.

Interestingly, in the focus group interviews, participants never
credited the facilitator agent’s (Fiona’s) features for their higher
scores. Groups often described its periodic summaries and coordi-
nation nudges as redundant or poorly timed under pressure. The AI
Perception survey reflected a similar pattern: participants did not
significantly favor either agent for improving their team’s score,
though the peer agent was rated more positively on average. The
peer agent (Ava) actually evoked polarized reactions. Some groups
thought that they advanced because Ava offered timely ideas, mem-
ory support, and quick calculations, while others felt its unsolicited
“thoughts” disrupted flow or slowed progress.

This misalignment arises from how differently the two agents’
contributions surfaced during the task. The peer agent’s messages
were immediate and easy to notice, sometimes intervening when
groups felt stuck. This made its help feel direct and impactful, even
when the suggestions were imperfect or added to participants’
workload. However, the facilitator’s summaries and coordination
cues blended into the ongoing discussion. They supported groups

in indirect ways like helping maintain orientation, but were rarely
experienced as actionable help in the moment. As a result, par-
ticipants overlooked the facilitator’s role in their success, while
the peer felt more influential despite its lower overall performance
outcomes.

The results also reflect the nature of our task environment: short,
co-located, and tightly interdependent tasks under strict time pres-
sure. In such conditions, groups must quickly test ideas and con-
verge on promising ones. As prior work shows, AI suggestions are
more likely to be adopted when decision time is longer [10]. Time
pressure made participants less receptive to global summaries or
rigid scaffolds, which may be more effective in open-ended ideation
or distributed work [13, 40].

The peer role both helped and hindered. It enabled progress but
also anchored groups on its suggestions. Prior work shows that
groups often defer to AI more than individuals do [11], with some
members defending its advice or using it as a tie-breaker under load.
At the same time, groups can push back when at least one member
has strong contrary evidence [12]. This explains our mixed results:
Ava sometimes catalyzed sensemaking, but at other times derailed
parallel problem-solving when no one challenged its ideas.

The contrast between roles highlights different challenges. Fiona’s
metacognitive scaffolds plausibly supported coordination [66, 73]
and may explain higher scores, but participants often experienced
them as invisible or repetitive, since groups already shared knowl-
edge aloud in a co-located setting. Previous research has also found
that facilitation around group structures and discussion scaffolds
lacks authority, which can cause them to be overlooked [54]. Ava’s
contributions were more visible, resembling the kinds of behaviors
expected from a teammate. However, when timing or topical fit was
off, Ava risked crowding out conversation, echoing findings that
proactive AI teammates can overwhelm group discussions [59, 97].

8.2 RQ2: How did the AI agent roles shape
group processes such as workload,
communication, and coordination in
co-located, time-sensitive problem-solving
tasks?

Workload measured using NASA-TLX was significantly higher in
the peer condition than in both the facilitator and no AI condi-
tions, which did not differ from each other. This suggests that any
offloading the peer provided was outweighed by the additional in-
teraction and monitoring demands it introduced. The facilitator sat
lightly on the conversation, offering time prompts and summaries
that many groups ignored but did not find disruptive. By contrast,
the peer behaved more like a “fifth teammate,” injecting ideas that
sometimes aided sensemaking but also diverted attention into an
AI-centered side channel. Because its contributions had to be read,
checked, and often queried under time pressure, the peer added
to participants’ workload. Prior work similarly shows that proac-
tive, talkative agents can overwhelm groups unless their initiative
is tightly governed [80]; Houde et al. also found that frequent or
lengthy posts distorted discussion and argued that groups should
be able to control when, what, and where an agent contributes [34].
Our findings mirror these concerns: unmanaged initiative increased
attention switching and cognitive load.
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Communication patterns diverged by role. The facilitator rarely
intruded. Its summaries sometimes helped as an anchor, but when
too long or mistimed, they felt redundant to fast and ad hoc brain-
storming. Systems like LADICA explain this tension [108]. They
aim to foster mutual awareness on shared displays while avoid-
ing dominance of the human–human discussion, and they caution
against features that over-clutter or steer the flow. By contrast,
the peer often redirected attention to private chats with the agent,
creating silos. Johnson et al. surface this as a design tension around
social prominence and engagement: groups want augmentation,
but they worry that agent channels will split attention and disrupt
the shared workspace [41]. Our findings match the generative AI-
centered interaction pattern found by Feng et al., where students
engaged considerably more with the chatbot than with their peers
during the collaborative problem-solving process [23].

Groups reported strong coordination across all conditions, pos-
sibly because members knew each other from before (Fig. 8). Co-
ordination remained human-led in most sessions. Groups divided
work and set rhythm with each other, treating agent input as op-
tional. However, early facilitator nudges sometimes stuck. When
the facilitator condition appeared first, its suggestions (for exam-
ple, divide-and-rotate or brief individual reflection before group
synthesis) helped groups set a structure that persisted. However,
participants perceived the peer agent as contributing significantly
more to their coordination, likely because its proactive thoughts
and query responses pulled the team together to interpret and act
on them. It sometimes shifted coordination by nudging groups away
from dividing tasks and toward more joint problem-solving. In sev-
eral cases, groups worked reactively around the peer’s responses,
staying together rather than splitting work.

8.3 Design Considerations for Proactive
Generative AI Agents in Colocated
Time-Sensitive Problem-Solving Tasks

Our study revealed several patterns of user interaction with the AI
agents, highlighting both opportunities and risks. Before turning to
design considerations, we note that our findings reflect the interac-
tion of both role design and the specific features used to instantiate
those roles. To avoid overgeneralizing about “roles”, our design
implications focus on the features that shaped these experiences
and that can inform the design of future agents. Building on par-
ticipants’ suggestions and prior work, we outline concrete design
considerations for proactive AI agents that can support colocated,
time-sensitive, collaborative problem solving.

Summaries and coordination cues offered by an AI agent to guide
the collaborative problem-solving task emerged as key design fea-
tures. However, these same outputs risked marginalization when
they became overly long, repetitive, or poorly timed. This suggests
that AI agent contributions must be designed to remain concise,
progress-aware, and embedded in the shared workspace rather
than appearing as standalone text. Their utility increases when
paired with actionable next steps grounded in the group’s ongoing
discussion, which participants described as critical for sustaining
progress. In addition to text-based support, participants emphasized
the importance of visual features that act as “external memory",
such as progress indicators or expandable cards that align with the

task flow while minimizing reading overhead. These preferences
resonate with prior findings on large-display systems, where visual
artifacts effectively scaffold group awareness without disrupting
conversation [108].

Another important consideration was the design of thoughts or
suggestions from the agent. For proactive input to be useful in time-
bounded collaboration, suggestions should be kept short and accom-
panied by clear rationales to build user trust. Additionally, when
appropriate, it may be helpful to offer multiple alternatives rather
than a single idea. Such designs may help mitigate over-anchoring,
promote comparative reasoning, and support more deliberate group
decision-making. This also supports prior arguments that systems
should intervene when users show signs of over-reliance while still
respecting group autonomy and pace [42].

An agent’s social presence and influence also warrant careful de-
sign. Maintaining a moderate presence: visible but peripheral, and
offering support without disrupting conversation or dominating the
group’s attention, can be helpful for sustaining engagement. Partici-
pants also emphasized the value of user controls for agent initiative.
Adjustable mechanisms, such as rate limits, silence thresholds, or
options like “never speak first”, “pause”, or a quick “volume” dial,
could give groups flexibility in determing how and when the agent
participates. Such features align with broader human-centered AI
principles calling for transparency and controllability in agent inter-
jections [34, 96]. This is also line with theories of social influence
suggest that preventing AI from becoming the de facto author-
ity helps preserve critical engagement and reduces risks of social
loafing or conformity [44].

Finally, timing and relevance of AI agent’s contributions proved
crucial, with poorly timed or off-topic input often leading groups
to abandon its support. Participants suggested that timing could be
improved through activity-based triggers that respond to cues such
as silence, stalls, or bursts of talk, ensuring interventions occur at
appropriate moments. Relevance, in turn, could be strengthened
through tighter integration into the workspace, such as anchoring
suggestions to specific visual elements. Together, these features
could reduce the cognitive cost of shifting attention between the
agent and the task, making contributions easier to interpret in
context.

9 Limitations and Future Work
While our study provides encouraging insights into how proac-
tive generative AI can participate in real-time teamwork, several
limitations also point to valuable directions for future research.
First, we recruited participants through a convenience sample pool
who already knew and worked closely with one another. While
this familiarity likely influenced group communication and coor-
dination, such dynamics are common in many real-world group
settings, for example, in emergency response units, clinical care
teams, and workplace project groups. Studying these established
teams provided insight into how proactive AI agents integrate into
pre-existing social dynamics. Future work can extend this approach
to ad hoc teams or cross-organizational collaborations where roles
and norms are less established.
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Second, our work focused on a specific collaborative setting—
digital escape-room puzzles with small groups in co-located, time-
sensitive conditions. While this testbed offered a controlled yet
engaging way to observe group communication and interaction
with AI agents, the puzzles themselves consisted of relatively simple,
self-contained sub-tasks. Such tasks may not fully reflect the nature
of real-world collaborative work. High-stakes domains such as
healthcare, emergency response, or crisis management involve
complex workflows, domain knowledge, and longer time horizons
than the discrete puzzle elements used in our study. As a result, our
findings may not directly generalize to these settings. Expanding
into these more representative environments will be important
for testing the robustness of our results and understanding how
proactive AI adapts to more varied and interdependent teamwork.

Third, the effects we observed came not only from the facilitator
and peer roles but also from the specific features used to represent
them. The facilitator mainly gave summaries and reminders, while
the peer offered short ideas, and both agents intervened at fixed
times. These design choices shaped how teams perceived and used
each agent. Future work could refine and examine each design
feature on its own so that its specific effect on teamwork can be
understood. These insights can then guide the development of
effective facilitator and peer agents that better support co-located
teamwork.

Finally, each agent performed a single, non-adaptive role in our
study. Because neither agent adapted to the group’s progress, needs,
or experience level, their influence on teamwork was shaped by
these fixed behaviors. Our participants themselves noted that agents
should adapt their role to the session phase and group experience:
early on, offering more process guidance like a facilitator, and later,
shifting to on-demand, minimal cues like a peer. Prior work has
shown the importance of such signals for detecting disengagement,
over-reliance, or social loafing [49]. Future work can focus on de-
veloping such context-aware and adaptive mechanisms will move
proactive agents closer to being integrated teammates who flexibly
support evolving group needs [96].

10 Conclusion
Our work presents an early but promising step toward understand-
ing how proactive generative AI agents can enrich real-time, co-
located teamwork. By comparing two distinct roles, a facilitator
that provided summaries and team structure cues, and a peer that
contributed ideas andmemory support, we examined how proactive
AI influences not only task performance but also group processes
such as workload, coordination, and communication. Our findings
show that facilitators initially captured attention but were often
sidelined when their input became lengthy or poorly timed, while
peer agents generated more varied trajectories. Some groups used
peer contributions to move from reliance toward more reflective
engagement, others shifted from enthusiasm to dependence and
disillusionment, and still others disengaged quickly. These patterns
reveal both the promise and the fragility of proactive support in
high-pressure collaboration. Taken together, our results highlight
that the value of proactive generative AI lies not in static roles but in
the ability to adapt—providing the right kind of support at the right
moment. Designing such adaptable agents opens a pathway toward

AI that participates as a trusted teammate, flexibly balancing task
and process contributions to strengthen human collaboration in
diverse and time-sensitive domains.
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A Appendix: Generative AI Usage
Weused ChatGPT to 1) generate the initial captions and descriptions
for the images, 2) for polishing the quality of text, and 3) format
the tables.

B Appendix: Screenshot of Agents Embedded in
Puzzle Screens

C Appendix: Prompts used in the design of the
facilitator and peer agent

C.1 Prompt to generate summaries for the
facilitator

You are an expert facilitator who turns raw transcripts of in-person
group discussions into tightly focused, puzzle-element–driven sum-
maries. When given a transcript of the team discussion and access
to the on-screen labels/images, follow this two-step process: Step
1: Based only on the transcript (do not use the images), identify
and summarize the most explicitly mentioned puzzle solution ideas.
The ideas should not be facilitator’s advice, which talks about the
team structure and reminders. Summarize each idea in one short
sentence. Step 2: Now consider the puzzle-element labels in the
screenshots. From the ideas you got from the transcript, create two
coherent summaries that are most closely associated with those
puzzle elements. Summarize each in two very short sentences and
return them as a numbered list separated by a line break. Provide
no additional commentary or analysis.

C.2 Prompt to generate proactive peer thoughts
Based on the two screens with elements to solve a puzzle, come up
with short and succinct ideas (6) to brainstorm possible solutions.
Show how elements from the two screens are connected.

C.3 Prompt to contextualize the peer thoughts
based on ongoing team discussion

Provide a succinct contextualized version of this thought. Struc-
ture the response as one short sentence to contextualize based on
what the transcript summary says about the puzzle element men-
tioned in the thought; if it wasn’t discussed, say so. Then share the
thought without any additional commentary. Always share ideas
with uncertainty—not solutions. No fluff. Keep response to 2 short
sentences.

C.4 Prompt to generate peer response to user
queries over chat

You are Ava, a peer sharing ideas on the puzzle. You’re looking at
a two-screen puzzle and should respond to user queries based on
them. The puzzle is split across both screens. Some more informa-
tion about the interactions possible with the screens: . . . Provide
the response as a succinct summary (2 lines) based on the query
details.

D Appendix: Group Interview Guide
Thank you for participating in the study. We will now move on the
the group interview. We would like for you as a group to discuss the
different AI features, and how it impacted your performance as a
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Figure 11: Screenshot of Screen 1 of Puzzle 1 with the peer agent condition.

Figure 12: Screenshot of Screen 2 of Puzzle 1 with the facilitator agent condition.

team and the team processes, such as, communication, coordination,
and planning. We will go over each feature, and there are no right
or wrong answers. So please share your experience freely, which

will help us think about the next steps on how to design AI support
for collaborative problem-solving tasks.

Questions for facilitator agent:
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(1) Can you describe your team’s performance in this puzzle?
How did the facilitator features, like suggesting workflows
and providing summaries, impact your performance and
mental workload?

(2) Can you describe your team collaboration, including com-
munication, planning, and coordination, while solving this
puzzle with the facilitator AI?

(3) How did you incorporate these features in your teamwork?
Were the features helpful?

Questions for peer agent:
(1) Can you describe your team’s performance in this puzzle?

How did the peer AI features like proactive thoughts and
the chat impact your performance and mental workload?

(2) Can you describe your team collaboration, including com-
munication, planning, and coordination while solving this
puzzle with the peer AI?

(3) How did you incorporate these features in your teamwork?
Were the features helpful?

Questions for No AI:
(1) Can you describe your team’s performance on this puzzle?

How mentally demanding was the task?
(2) Can you describe how your team communicated during this

session?
(3) Can you also talk about the planning and coordination as-

pects?

E Appendix: Survey Measures
E.1 AI Perception Survey
Participants rated their perceptions of the AI agent using the 5-
item AI Perception Scale [5], on a 5-point Likert scale (1 = Strongly
Disagree, 5 = Strongly Agree). Using our data, we obtained 𝛼 = .83.
Items included:

(1) The AI agent’s recommendation improved our team score
(2) The AI agent’s recommendations improved our team coordi-

nation
(3) I felt comfortable depending on the AI agent
(4) I understand why the AI agent made its recommendations
(5) I think the AI agent is trustworthy

E.2 Perceived Coordination Scale
The Perceived Coordination Scale was adapted from Tesluk and
Mathieu [91] and demonstrated high internal consistency in our
sample (𝛼 = .87). Items were rated on a 5-point scale (1 = Strongly
Disagree, 5 = Strongly Agree) and included:

(1) People on my team helped each other out when needed
(2) We all cooperated to get the work done
(3) On my team, people shared their knowledge with each other
(4) On the whole, the members of this team all did their fair

share of the work
(5) My team coordinated activities to make this run smoothly

E.3 NASA-TLX
(1) How mentally demanding was the task?
(2) How physically demanding was the task?
(3) How hurried or rushed was the pace of the task?

(4) How successful were you in accomplishing what you were
asked to do?

(5) How hard did you have to work to accomplish your level of
performance?

(6) How insecure, discouraged, irritated, stressed, and annoyed
were you?

F Appendix: Quantitative Results
This appendix presents the complete quantitative results for all
outcome measures analyzed in the study. The tables report ART
ANOVA statistics, estimated marginal means (EMMs), and post-hoc
contrasts for task performance, perceived coordination, workload,
and AI perception measures.

G Appendix: Exploratory Factor Analysis
This appendix provides additional details from our Exploratory Fac-
tor Analysis (EFA), including standardized factor loadings, Bartlett’s
Test of Sphericity, and the variance explained by each extracted
factor.

G.1 Model Fit Indices
The root mean square of the residuals (RMSR) was 0.08.
The Tucker–Lewis Index (TLI) of factoring reliability was 0.983.
The RMSEA was 0.012 with a 90% confidence interval of [0, 0.088].
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Table 2: ART ANOVA results, estimated marginal means (EMMs), and post-hoc contrasts for puzzle performance, perceived
coordination, and NASA–TLX workload.

Outcome / Effect 𝐹 𝐷𝑓 𝐷𝑓 (𝑟𝑒𝑠) 𝑝

Puzzle Performance (Score)
Condition 13.33 2 6.00 .006**
Puzzle 16.66 2 6.00 .004**
Condition × Puzzle 3.78 4 4.79 .093

EMMs (Condition): NoAI = 9.33, Peer = 4.67, Facilitator = 14.50
Posthoc Pairwise Comparisons (Holm-adjusted, Condition):
NoAI – Peer: 𝛽 = 4.67, SE = 1.91, 𝑡 (6) = 2.45, 𝑝 = .070, 𝑑 = 1.41
NoAI – Facilitator: 𝛽 = –5.17, SE = 1.91, 𝑡 (6) = −2.71, 𝑝 = .070, 𝑑 = −1.57
Peer – Facilitator: 𝛽 = –9.83, SE = 1.91, 𝑡 (6) = −5.16, p=.006**, 𝑑 = −2.98

EMMs (Puzzle): P1 = 15.50, P2 = 6.50, P3 = 6.50
Posthoc Pairwise Comparisons (Holm-adjusted, Puzzle):
P1 – P2: 𝛽 = 9, SE = 1.80, 𝑡 (6) = 5.00, p=.007**, 𝑑 = 2.89
P1 – P3: 𝛽 = 9, SE = 1.80, 𝑡 (6) = 5.00, p=.007**, 𝑑 = 2.89
P2 – P3: 𝛽 = 0, SE = 1.80, 𝑡 (6) = 0.00, 𝑝 = 1.000, 𝑑 = 0.00

Perceived Team Coordination
Condition 0.22 2 6.00 .812
Puzzle 1.01 2 6.00 .418
Condition × Puzzle 1.08 4 4.79 .459

EMMs (Condition): NoAI = 9.17, Peer = 9.17, Facilitator = 10.17
EMMs (Puzzle): P1 = 10.83, P2 = 9.00, P3 = 8.67

Workload (NASA–TLX)
Condition 5.75 2 60.00 .005**
Puzzle 16.78 2 60.00 <.001***
Condition × Puzzle 0.57 4 7.24 .696

EMMs (Condition): Facilitator = 30.4, NoAI = 31.6, Peer = 47.5
Contrasts (Holm-adjusted):
Facilitator – NoAI: 𝛽 = –1.21, SE = 5.63, 𝑡 (60) = −0.22, 𝑝 = .831, 𝑑 = −0.06
Facilitator – Peer: 𝛽 = –17.10, SE = 5.63, 𝑡 (60) = −3.04, p=.011*, 𝑑 = −0.88
NoAI – Peer: 𝛽 = –15.90, SE = 5.63, 𝑡 (60) = −2.82, p=.013*, 𝑑 = −0.82
EMMs (Puzzle): P1 = 19.7, P2 = 44.1, P3 = 45.7
Contrasts (Holm-adjusted):
P1 – P2: 𝛽 = –24.42, SE = 5.03, 𝑡 (60) = −4.86, p< .001***, 𝑑 = −1.40
P1 – P3: 𝛽 = –25.96, SE = 5.03, 𝑡 (60) = −5.16, p< .001***, 𝑑 = −1.49
P2 – P3: 𝛽 = –1.54, SE = 5.03, 𝑡 (60) = −0.31, 𝑝 = .760, 𝑑 = −0.09

Note. ∗∗∗𝑝 < .001; ∗∗𝑝 < .01; ∗𝑝 < .05.
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Table 3: ART ANOVA results, estimated marginal means (EMMs), and post-hoc contrasts for AI perception measures (Peer and
Facilitator conditions only).

AI Perception Measure / Effect 𝐹 𝐷𝑓 𝐷𝑓 (𝑟𝑒𝑠) 𝑝

“The AI agent’s recommendation improved our team score”
Condition 5.33 1 3.00 .104
Puzzle 3.27 2 4.80 .127
Condition × Puzzle 2.61 2 4.80 .171

EMMs (Condition): Peer = 8.83, Facilitator = 4.17
EMMs (Puzzle): P1 = 6.00, P2 = 3.75, P3 = 9.75

“The AI agent’s recommendations improved our team coordination”
Condition 122.50 1 3.00 .002**
Puzzle 8.87 2 5.69 .018*
Condition × Puzzle 1.20 2 4.50 .383

EMMs (Condition): Peer = 9.42, Facilitator = 3.58
Posthoc (Condition):
Peer – Facilitator: est = 5.83, SE = 0.527, 𝑡 (3) = 11.07, p=.002**, 𝑑 = 6.39

EMMs (Puzzle): P1 = 7.75, P2 = 2.50, P3 = 9.25
Posthoc (Puzzle; Holm-adjusted):
P1 – P2: 𝛽 = 5.25, SE = 1.68, 𝑡 (5.69) = 3.12, p=.044*, 𝑑 = 2.43
P1 – P3: 𝛽 = –1.50, SE = 1.68, 𝑡 (5.69) = −0.89, 𝑝 = .409, 𝑑 = −0.69
P2 – P3: 𝛽 = –6.75, SE = 1.68, 𝑡 (5.69) = −4.01, p=.024*, 𝑑 = −3.13
“I felt comfortable depending on the AI agent”
Condition 0.71 1 3.00 .462
Puzzle 0.94 2 4.80 .452
Condition × Puzzle 2.35 2 4.80 .194

EMMs (Condition): Peer = 7.50, Facilitator = 5.50
EMMs (Puzzle): P1 = 7.25, P2 = 4.25, P3 = 8.00

“I understand why the AI agent made its recommendations”
Condition 0.31 1 3.00 .619
Puzzle 1.32 2 5.56 .339
Condition × Puzzle 0.67 2 4.80 .552

EMMs (Condition): Peer = 7.25, Facilitator = 5.75
EMMs (Puzzle): P1 = 8.88, P2 = 6.12, P3 = 4.50

“I think the AI agent is trustworthy”
Condition 0.06 1 3.00 .827
Puzzle 0.63 2 4.80 .570
Condition × Puzzle 1.27 2 4.80 .360

EMMs (Condition): Peer = 6.17, Facilitator = 6.83
EMMs (Puzzle): P1 = 5.75, P2 = 5.25, P3 = 8.50

Note. ∗∗∗𝑝 < .001; ∗∗𝑝 < .01; ∗𝑝 < .05.
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Table 4: Standardized factor loadings from the three-factor EFA (ML extraction, oblimin rotation).

Item ML1 ML2 ML3

People on my team helped each other out when needed 0.90 0.03 0.05
We all cooperated to get the work done 0.81 0.06 0.07
People shared their knowledge with each other 0.52 -0.17 0.18
Members did their fair share of the work 0.55 -0.21 0.22
My team coordinated activities to make this run smoothly 0.84 0.01 -0.15

AI agent’s recommendation improved our team score -0.02 0.89 -0.03
AI agent’s recommendations improved our team coordination 0.04 0.84 0.07
I felt comfortable depending on the AI agent 0.08 0.86 0.06
I understand why the AI agent made its recommendations -0.20 0.22 -0.18
I think the AI agent is trustworthy -0.20 0.60 -0.19

How mentally demanding was the task? -0.14 0.01 0.60
How physically demanding was the task? -0.18 -0.12 0.12
How hurried or rushed was the pace of the task? -0.17 -0.04 0.47
How successful were you in accomplishing what you were asked to do? -0.23 0.21 0.44
How hard did you have to work to accomplish your performance? 0.17 -0.01 0.77
How insecure, discouraged, irritated, stressed, and annoyed were you? -0.53 -0.02 0.36

Table 5: Bartlett’s Test of Sphericity evaluates whether the correlation matrix is significantly different from the identity matrix,
indicating sufficient inter-item correlations for EFA. A significant result supports the use of factor analysis for these data.

Statistic Value

𝜒2 536.14
df 120
𝑝 < .001

Table 6: Summary of factor extraction results from the maximum-likelihood EFA with oblimin rotation. ML1, ML2, and
ML3 represent the extracted latent factors, corresponding respectively to (1) Perceived Coordination, (2) AI Perception, and (3)
Workload. The table reports the variance explained by each factor.

ML1 ML2 ML3

SS Loadings 3.31 2.84 1.70
Proportion Variance 0.21 0.18 0.11
Cumulative Variance 0.21 0.38 0.49
Proportion Explained 0.42 0.36 0.22
Cumulative Proportion 0.42 0.78 1.00

Table 7: Factor correlations for the three-factor EFA solution using oblimin rotation. ML1, ML2, and ML3 represent the extracted
latent factors, corresponding respectively to (1) Perceived Coordination, (2) AI Perception, and (3)Workload.

ML1 ML2 ML3

ML1 1.00 -0.19 0.11
ML2 -0.19 1.00 -0.14
ML3 0.11 -0.14 1.00
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