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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 designed digital escape rooms as collaborative problem-solving tasks to study two generative
AI agents: a Facilitator, which provided discussion summaries and proposed team structures, and a Peer, which contributed ideas as an
imperfect teammate. We conducted a within-subjects user study with 24 participants, comparing team performance and processes
across three conditions: No AI, Peer AI, and Facilitator AI. Preliminary results show that the Peer agent occasionally enhanced
problem-solving by offering timely hints and memory support, though it also disrupted flow and created over-reliance. In comparison,
the Facilitator agent provided light scaffolding but had limited impact on outcomes.
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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 coordinating 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, 17]. However, despite decades of CSCW and HCI research, developing technology that supports group
processes and outcomes remains difficult.

Two recent research trends offer new possibilities for augmenting teamwork: generative AI and proactive systems.
With advances in conversational and reasoning capabilities [19, 20], generative AI has become a powerful collaborator
[5, 11, 22]. At the same time, these systems are prone to persuasive but flawed outputs [24], leaving groups vulnerable
to over-reliance, anchoring on AI suggestions, or deferring to them to avoid social conflict [6].

In parallel, research has explored how AI and intelligent systems can act proactively [8, 12, 18]. Proactive behaviors
have been shown to improve trust, situational awareness, and engagement across diverse contexts, from creativity to
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decision support [25]. Together, these trends converge in the growing CSCW and HCI framing of human–AI teams
(HATs), where AI agents are understood not only as tools but as team members [4, 6, 13, 15, 23].

While both generative AI and proactivity have shown promise independently, little is known about how they intersect
in collaborative 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 questions
in the context of co-located collaboration in time-sensitive problem-solving tasks:
RQ1: How do different AI agent roles (Peer vs. Facilitator) influence team performance?
RQ2: How do these AI agent roles shape team processes, such as workload, communication, and coordination?

In the following sections, we first describe the system design, including the task environment and the design
of the peer and facilitator agents. We then detail our methods, outlining the within-subjects user study setup and
procedures. Finally, we present preliminary qualitative findings that show how the two AI roles shaped team processes
and performance.

2 System Design

Task Environment. We designed digital escape rooms to study teamwork under different AI conditions. Escape rooms
are team-based recreational activities in which players work together to solve a series of puzzles or challenges in order
to “escape” within a fixed time limit [14]. Traditionally, these are physical, in-person games set in themed environments
(e.g., mystery, adventure, or crime-solving scenarios) that require critical thinking, coordination, and communication
among team members. More recently, escape rooms have also been designed as digital environments for education
and training, for example, to teach cybersecurity skills [7]. In our work, we created digital escape rooms to provide a
controlled, engaging, and cognitively demanding environment for studying teamwork with and without AI agents.

Our puzzles were structured to last about 15–25 minutes, ensuring teams spent sufficient time collaborating and
interacting with the AI features. Each puzzle contained three interconnected sub-puzzles, distributed across two screens
to require active information exchange. The designs were inspired by cooperative online puzzle games such as Acorn
Cottage [1] and Alone Together [2].

We tested 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 ideas that can lead to the solution by combining elements
from the two screens, they failed to provide complete solutions.

Based on this task environment, we designed the two following generative AI powered agents that serve as functional
technological probes [10].

Fiona — The Facilitator Agent. We designed the facilitator agent (Fiona) to scaffold groups’ meta-cognitive processes
during co-located problem-solving [21]. Drawing on prior work on facilitator agents, Fiona offered summaries of
ongoing team discussions, time reminders, and prompts for workload division [16, 26]. The user interface is presented
in Figure 1 (a) along with the features.

Ava — The Peer Agent. We designed Ava to contribute ideas without 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
builds upon a growing body of work demonstrating the value of AI as a creative collaborator [9].
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Fig. 1. Figure shows (a) Screen 2 of Puzzle 1 with the Facilitator agent condition; and (b) Screen 1 of Puzzle 1 with the Peer agent
condition. In Figure (a), there are two main features of the facilitator agent: (1) Fiona suggested structured collaboration strategies
like the 1-2-4-All liberating structure [16], provided time reminders, and asked teams to divide up unsolved parts of the puzzle; (2)
Fiona added the summary of ideas discussed by the team every 3 minutes. In Figure (b), there are three main features of the peer
agent: (1) Ava proactively shared brainstorming thoughts every 3 minutes, based on puzzle screenshots and contextualized by team
conversations; (2) Teams could follow up by asking Ava to explain or vary its ideas; (3) Ava was available as a chat-based partner on
each puzzle screen, responding to questions.

To design Ava, we ran a formative study with six participants who each attempted a two-screen puzzle (same as one
of the user study puzzles) with ChatGPT. Afterward, we interviewed them to gather what kind of help a peer agent
should give, and when and where it would be most useful — assuming the AI doesn’t know the solution. We present the
details of the agent capabilities in Figure 1 (b).

3 Methods

We ran a within-subjects user study comprised of six groups, with four participants each. We recruited a total of 24
participants (19 men and 5 women) through voluntary convenience sampling from employees at our company.

Prior to the start of the study, we obtained informed consent from participants and 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 the participants will interact with before
starting the puzzles.

The main experiment consisted of three sessions, each with a different puzzle and one of three AI conditions: No AI,
Peer Agent, and Facilitator Agent, with a 20-minute time limit for each. The order of conditions was counterbalanced
across teams using six Latin-square sequences to control for learning and fatigue effects. After each session, participants
completed survey questionnaires about their experience. Once all sessions were finished, we conducted a 25–30 minute
focus-group interview to gather feedback on the puzzle-solving process and participants’ perceptions of the different
AI agents.

4 Preliminary Results

4.1 RQ1: How do different AI agent roles (Peer vs. Facilitator) influence team performance in
collaborative problem-solving tasks?

Facilitator agent had minimal impact on problem-solving success. Teams generally felt that the facilitator agent had
little effect on puzzle performance. Participants said that the agent’s summaries were often redundant, overly lengthy,
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and poorly timed, which under time pressure reduced their usefulness. 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.” P7 described her
experience as: “I personally looked at it only once or twice. . . it was just reiterating what we were speaking out loud, so
didn’t really find it helpful.” Participants from teams 4 and 5 described the facilitator agent as having only a “bare
minimum” impact on performance but still serving as a stabilizing element that provided focus and subtle structure.

Peer agent had widely varying perceptions. Participants saw the peer agent as a valuable but inconsistent teammate.
At its best, it provided timely hints and reminders that directly shaped puzzle progress. As P6 explained, “Most of the

tasks we solved were hints given by the agent. . . it basically directed us towards correct answers.” Others highlighted its
usefulness as a memory aid and calculator, helping recall details and reduce small errors under pressure.

Despite these benefits, the Peer’s interventions also disrupted flow or created confusion. Like the Facilitator agent,
the Peer’s unsolicited suggestions could feel irrelevant, poorly timed, or too vague, leading to frustration. P18 said,
“Most of the time it was slightly distracting. . . we are solving a particular subtask, but this is suggesting something very

different.” Some participants even admitted to over-relying on the AI, only to feel disappointed when its confident
outputs proved unhelpful.

4.2 RQ2: How do these AI agent roles shape team processes—such as workload, communication, and
coordination—during problem-solving?

Facilitator agent had little impact on how teams worked together. Participants were curious about the Facilitator at
first, but quickly lost interest and largely ignored it. P23 put it as, “Our communication was brainstorming, not strategic.

The AI summaries didn’t spark anything, they just restated what was already there." Instead of reducing workload, its
long summaries often felt like an added burden, while teamwork and task division continued to be managed by the
group itself after being shaped early by the agent. Still, some appreciated that the AI stayed in the background, offering
light scaffolding and optional reminders without disrupting communication.

Peer agent had a mixed influence on team processes. Participants found that the peer agent sometimes relieved
workload by providing hints or performing low-level tasks, but interaction costs like typing prompts and interpreting
long responses often offset these gains. Collaboration was affected as teams shifted from dividing tasks to more joint
problem-solving to leverage proactive AI thoughts and responses to queries. However, unclear AI capabilities and parallel
private chats occasionally introduced redundancy and confusion. The agent also reshaped communication patterns,
often diverting attention away from teammates. Some participants admitted speaking less with the group because they
were focused on interacting with the AI, for example, P11 mentioned, “It definitely changes the dynamic. . . you have this

fifth person that you interact with kind of alone.”

5 Conclusion

Our study presents an early but promising step toward understanding 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 and memory support, we examined how proactive AI influences
not only task performance but also group processes such as workload, coordination, and communication. 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.
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