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Abstract 
Team-based collaboration is a cornerstone of modern creative work. 
Recent advances in generative AI open possibilities for humans 
to collaborate with multiple AI agents in distinct roles to address 
complex creative workflows. Yet, how to form Human–Multi-Agent 
Teams (HMATs) is underexplored, especially given that inter-agent 
interactions increase complexity and the risk of unexpected behav-
iors. In this exploratory study, we aim to understand how to form 
HMATs for creative work using CrafTeam, a technology probe 
that allows users to form and collaborate with their teams. We con-
ducted a study with 12 design practitioners, in which participants 
iterated through a three-step cycle: forming HMATs, ideating with 
their teams, and reflecting on their teams’ ideation. Our findings 
reveal that while participants initially attempted autonomous team 
operations, they ultimately adopted team formations in which they 
directly orchestrated agents. We discuss design considerations for 
HMAT formation that humans can effectively orchestrate multiple 
agents. 
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1 Introduction 
Team-based collaboration is a cornerstone of modern creative work. 
By bringing diverse perspectives, teams can extend thinking be-
yond individual limits, reframe problems, and integrate constraints 
into robust solutions, which is particularly helpful for tackling cre-
ative problems that are often wicked and challenging [16]. With 
recent advances in generative AI, AI agents have been proposed as 
collaborators that can support humans in creative activities [64, 83], 
including writing (e.g., co-authoring and editing) [44, 81], design 
(e.g., suggesting ideas and references) [11], and the performing 
arts (e.g., inspiring music and choreography) [26, 36]. These agents 
increasingly assume cognitively distinct roles, mirroring the com-
plementary functions of real-world creative teams, ranging from 
productive partners to reflective guides [34, 88]. 

The rise of these agents with diverse functions is enabling a 
new paradigm in creative workflows: collaborating with multiple 
AI agents in distinct roles as a team. Researchers and practition-
ers are already applying this approach, for example, in automated 
marketing campaigns that integrate productive agents for content 
writing and graphic design with reflective agents for content eval-
uation [54], or in design workflows where CMF designer agents 
work alongside reflective design director and product manager 
agents [14]. By forming Human–Multi-Agent Teams (HMATs) [90], 
in which humans collaborate with multiple AI agents, individu-
als can address complex tasks by decomposing them into clearly 
defined roles and simulating diverse perspectives. 

Although we envision HMATs enabling synergistic collaboration 
by simultaneously leveraging multiple agents, they often struggle 
to achieve such cooperation in practice. These challenges lie not 
only in the performance of individual agents but also in the novel 
task of team formation. Team formation involves deliberately orga-
nizing team structures, role allocations, and interaction protocols 
to enable effective collaboration [39, 86]. Since HMATs combine 
human members with heterogeneous AI agents, the design space 
for team formation becomes even more complex, involving multiple 
types of interactions between humans and agents as well as among 
agents themselves [18]. In particular, these inter-agent interactions 
complicate team formation by increasing the risk of unexpected 
behavior and creating a need for careful coordination and clear 
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functional boundaries between agents [54]. While the importance 
of HMAT formation has attracted increasing attention [12, 30, 46], 
the question of which formations facilitate effective collaboration 
between individuals and multiple agents and lead to improved team 
outcomes remains underexplored. 

This study aims to deepen our understanding of how HMATs can 
be formed to better support individuals in collaborating with multi-
ple agents on creative work. To this end, we developed CrafTeam, 
a technology probe that enables users to form and collaborate on 
their own HMATs. CrafTeam was designed to uncover design con-
siderations in HMAT formation by revealing how users configure 
five key dimensions of team formation: team size, structure, role 
allocation, member composition, and shared mental models. Using 
CrafTeam, we conducted a three-hour user study with 12 design 
practitioners currently working in design teams within IT compa-
nies. We structured the study around a three-step cycle in which 
participants (i) formed their own team, (ii) ideated with that team, 
and (iii) reflected on the team’s collaboration. Participants repeated 
the cycle three times, carrying insights from each round forward to 
refine their HMATs. Drawing on post-study interviews, we distill 
lessons learned from the process of forming HMATs and partici-
pants’ perceptions of interacting with HMATs. 

Through the user study, participants iteratively adjusted their 
team formations and reflected on how these formations shaped 
the ideation process. Our results show that while they initially 
adopted team formations in which agents autonomously developed 
ideas with minimal human involvement, they found that inter-
agent interactions often led to unproductive loops in which agents 
failed to provide clear direction or to make the value judgments 
necessary for creative progress. In response, participants shifted 
to team formation in which they themselves set the direction for 
ideation and directly orchestrated the agents. Based on our findings, 
we underscore the need for human-orchestrated HMAT formation 
and propose considerations that help users manage and collaborate 
with multiple agents. 

The major contributions of our study are as follows: 
• The design and implementation of CrafTeam, a technology 
probe that enables users to form and collaborate with HMATs 
for design ideation tasks. 

• Empirical findings from a user study with 12 design practi-
tioners who iteratively formed and refined HMATs, continu-
ously adjusting five dimensions of team formation. 

• Future opportunities and design considerations for forming 
and orchestrating HMATs based on participants’ experiences 
using CrafTeam. 

2 Related Works 

2.1 Multi-Agent System for Creative Work 
Multi-agent systems (MAS) consist of autonomous entities known 
as agents, which show promise in solving complex tasks by divid-
ing them into multiple smaller tasks, each assigned to a distinct 
agent [63]. Rather than relying on a single powerful entity, MAS dis-
tributes overhead across multiple specialized agents, achieving flex-
ibility through modular independence and resource efficiency via 
parallel task execution [15, 79]. Recent advances in large language 
models have expanded the possibilities of multi-agent collaboration, 

enabling agents to interpret context, generate novel combinations, 
and coordinate through natural language rather than predefined 
protocols [25, 83]. Such capabilities empower agents to simulate hu-
man group dynamics through negotiation, debate, and perspective 
synthesis, which are absent in traditional rule-based agents. For in-
stance, AgentVerse [10] demonstrates a group of experts, including 
architect, designer, and engineer agents, engaging in human-like 
discussions to reach collaborative decisions, achieving performance 
superior to that of individual agents across diverse problem-solving 
tasks. 

These developments suggest the potential that MAS can address 
the complex challenges of creative work [46], where design deci-
sions simultaneously affect multiple dimensions, requiring diverse 
and specialized perspectives. Such creative work is recognized as a 
wicked problem, especially in its co-evolution where problems and 
solutions develop together, resisting definitive formulation [16]. 
MAS responds by distributing cognitive load across specialized 
agents, each maintaining a distinct perspective while enabling par-
allel processing and iterative refinement [28, 82]. Recent studies 
explore how MAS integrates diverse perspectives: DesignGPT [14] 
assigns product manager and CMF designer agents to different de-
sign dimensions, while MARE [31] experiments with stakeholder, 
modeler, and checker agents for parallel dependency management. 
Meanwhile, AgileCoder [55] shows how product manager, devel-
oper, and tester agents can sustain continuous refinement through 
repeated sprints. Likewise, HoLLMwood [9] pairs a writer and an 
editor agent to sustain divergence–convergence loops, divergent 
exploration, and convergent refinement. 

While MAS shows potential for addressing the interdependent 
constraints and iterative cycles of creative work, current implemen-
tations often overlook the critical importance of human participa-
tion. Most studies on MAS center on fully autonomous pipelines 
where humans provide initial prompts and receive final outputs, 
limiting human involvement to bookends rather than integrating 
it throughout the co-evolutionary process [12, 46]. This pattern 
proves fragile in creative settings, where agents must navigate 
implicit values, contextual norms, and shifting constraints; with-
out sustained human guidance, they drift from creative intent or 
optimize misaligned objectives [42, 46, 83]. For example, only LLM-
based agents often remain unaware of tool affordances or conse-
quences of their proposed actions, lacking the situated understand-
ing that humans naturally possess and thus proposing impractical 
or unfeasible solutions [74]. Realizing MAS’s potential to support 
complex, iterative creative work requires active human participa-
tion to guide and coordinate agents throughout the process. 

2.2 Forming Human-Multi-Agent Teams 
The field of HCI has established Human-Agent Teams (HATs) 
as a collaborative paradigm in which humans engage as active 
team members alongside autonomous AI agents, rather than using 
agents as tools [5]. HAT, variously referred to as Human-Autonomy 
Team [58], Human-Agent Team [30, 67], Human-Machine Team [52, 
80], Human-Robot Team [13, 32, 71], or Human-AI Team [18, 43], 
all involve humans and autonomous agents working in close co-
ordination to achieve shared goals, operating under principles of 
mixed initiative and mutual adaptation. Unlike the broader concept 
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of human-AI collaboration, where humans issue commands and 
agents execute, HAT involves continuous negotiation, role flexibil-
ity, and real-time coordination—humans and agents monitor each 
other’s states, compensate for each other’s limitations, and jointly 
determine action paths [32, 35, 91, 92]. This enables humans and 
agents to communicate continuously, complement each other, and 
perform tasks effectively through sustained interaction [19]. 

As human teams’ collective intelligence depends more on team 
formation than individual brilliance, which has long been recog-
nized as crucial for maintaining team performance and sustainabil-
ity [39, 86]. The importance of team formation extends to HATs as 
well, particularly because AI agents only perform their assigned 
tasks, making it essential to configure them appropriately from 
the outset [33, 80]. HAT formation involves navigating multiple 
considerations: selecting complementary agents aligned to task 
requirements [30], establishing role and authority structures bal-
ancing human and agent expertise [18, 20, 30, 69], designing man-
ageable interaction protocols [43, 91], and resolving conflicts contin-
uously [30, 52]. HAT formation often adopts foundational principles 
from human teams, such as structured roles and communication 
protocols [58, 66]. However, when humans and AI agents coexist on 
the same team, unique challenges arise, such as fostering consistent 
mental models between humans and agents, building trust in AI 
teammates, and maintaining communication quality [19, 66, 68]. 
Therefore, HAT formation requires using human team strategies 
as a starting point while accounting for the unique characteristics 
introduced by AI agents [91]. 

HAT formation becomes more complex when moving from one-
human one-agent dyads to Human-Multi-Agent Teams (HMATs), as 
coordination across multiple parallel relationships [18, 30]. HMATs 
—defined as teams with at least one human and two or more au-
tonomous agents pursuing shared goals [51, 73, 90]—introduce 
unique interdependencies where team members must coordinate 
tasks and integrate outputs across multiple channels. This shift 
introduces critical considerations, including task allocation across 
different agents and the design of inter-agent interaction proto-
cols [18]. However, research on team formation in HMATs remains 
relatively limited, partly because most prior work has focused on 
one-human–one-agent teams [18, 19, 80, 91], in which the team 
formation is relatively straightforward. As recent studies have be-
gun to explore HMATs, there has been growing attention to how 
HMAT formations should be designed [12, 30, 46]; for instance, 
Abhinav et al. [12] argue that designing multi-agent HRI systems 
requires explicit consideration of aspects such as team size, member 
composition, and interaction style. Yet, most existing studies that 
implement HMATs adopt provisional team configurations chosen 
by researchers rather than systematically developing and refin-
ing strategies for forming HMATs [90]. As an early exploration of 
HMAT formation, our study aims to identify key considerations and 
challenges specific to HMAT formation and examine how HMATs 
can be formed to better support collaboration with multiple agents. 

2.3 Team Formation Strategies for Creative 
Work 

Teams, defined as two or more individuals who systematically dis-
tribute tasks and interact closely toward shared objectives, are the 

fundamental organizational units for navigating today’s hypercom-
petitive business environment [37, 49, 50]. In creative industries, 
teams are especially central, as they bring together diverse skills 
and perspectives for addressing complex challenges [41, 62]—from 
corporate product development requiring high innovation [41, 78] 
to interdisciplinary fields demanding specialized expertise across 
domains [87]. To achieve such creative and innovative outcomes, 
team formation plays a significant role, especially in creative 
teams [39, 86], shaping how diverse perspectives merge, how con-
flicts transform into productive tension, and how trust enables 
risk-taking essential for innovation [1, 38, 75]. 

Given the complexity of creative work and its demand for inno-
vation, forming such teams requires dedicated strategies. A long 
line of work in organizational psychology and creative strategy has 
sought to operationalize team development principles—Tuckman’s 
model of small-group development explains how teams evolve 
through forming, storming, norming, and performing stages [6, 76], 
while Belbin’s Team Role Model offers systematic approaches for 
composing balanced teams with complementary roles such as co-
ordinators, implementers, and creative specialists [4]. In parallel, 
HCI research, including CSCW (Computer-Supported Cooperative 
Work), has long proposed tools and strategies for assembling ef-
fective teams. For instance, prior work has examined how people 
search for teammates on online platforms [24] and suggested al-
gorithms for team formation in these environments [2]. Since the 
quality of a team formation is often difficult to assess before the 
team actually starts working together, prior studies have explored 
approaches such as a “team dating” that quickly tries out multiple 
team formations [48] and techniques that use repeated trials to help 
teams discover suitable patterns of initial interaction [85]. 

The transition to human-agent teams requires adapting estab-
lished team formation principles to account for fundamental dif-
ferences in how humans and AI agents operate—particularly in 
multi-agent settings [33, 73]. Unlike human teams, where members 
are recruited with relatively fixed capabilities and personalities, 
AI teammates can be instantiated to match desired profiles on de-
mand, fundamentally changing the nature of team formation. At 
the same time, while humans naturally negotiate roles and inter-
pret implicit social cues, AI agents require explicit protocols and 
structured interactions. This asymmetry creates cascading chal-
lenges: precisely defining agent roles becomes critical as agents 
cannot adapt fluidly; orchestrating multi-agent coordination grows 
complex without implicit understanding; maintaining human over-
sight while preserving agent autonomy requires a delicate balance; 
and establishing shared mental models proves difficult when hu-
mans and agents perceive and process information fundamentally 
differently [3, 57]. While prior work has begun to surface these 
challenges, it has offered limited examination of how they extend 
to team formation involving multiple AI agents operating concur-
rently with humans [33]. Building on these insights, our study 
examines how strategies for forming HMATs both resemble and 
diverge from traditional human creative team formation, and ex-
plores the unique considerations and team formation strategies that 
emerge when configuring such teams for creative work. 
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Figure 1: Overall flow of CrafTeam. CrafTeam supports three repeating phases—forming HMATs, ideating within HMATs, 
and reflecting on the team’s ideation. 

3 Design of CrafTeam 
Our primary goal is to investigate what practical challenges and 
design considerations arise when forming HMATs for collaborative 
creative work, particularly where assumptions and strategies from 
HATs and human-only teams may no longer hold. Since HMAT 
formation remains underexplored, we adopt a technology probe 
method [29], well-suited to eliciting user-grounded empirical in-
sights to inform the design of new technologies. To this end, we 
developed CrafTeam, a technology probe that enables users to 
form and collaborate with their own HMATs in creative workflows, 
revealing how they specify HMAT formations in practice and what 
considerations arise in doing so. The following sections describe the 
concept and interfaces of CrafTeam, and implementation details 
are provided in Appendix A. 

3.1 Overall Concept 
CrafTeam is a web application that enables users to form their own 
HMATs and engage in team-based ideation sessions. To make this 
process accessible even to non-developers, CrafTeam lets users 
configure only the core dimensions of team formation, while the 
system automatically constructs complete HMATs based on the 
users’ settings. In particular, users can directly configure five dimen-
sions of team formation—team size, structure, role allocation, member 
composition, and shared mental models (detailed in Section 3.2.1). 

To enable users to experience the practical consequences of their 
formation choices for team collaboration, we let them engage in 
a collaborative ideation task where they work directly with their 
HMATs to produce creative outcomes. We chose ideation as the 
primary task because it inherently involves discussion, knowledge 
exchange, and the integration of diverse perspectives, which has 
been a widely examined task for human–AI collaboration [23, 27, 56, 
72]. To implement the co-ideation task with AI agents, we adopted 
the human-AI co-ideation framework proposed by Shen et al. [72], 

which enables humans and AI to share an idea space and track the 
evolution of design ideas through structured idea representations. 

We then incorporated a post-ideation reflection phase with an in-
terface for reviewing ideation transcripts and analyzing interaction 
patterns. Because collaboration performance in HMATs is shaped 
by multiple dimensions of team formation acting together, users 
can struggle to see how any formation choice relates to the quality 
of their collaborative experience during ideation. By introducing 
this phase, we enable users to trace specific choices to observed 
effects and further support systematic evaluation of how their team 
formation choices affect collaboration during ideation. 

We implemented these components as iterative cycles (Fig. 1): 
(i) forming their own HMATs, (ii) ideating with their teams, (iii) 
reflecting on the ideation session, and then reforming their team 
based on insights gained from the reflection. We adopted this itera-
tive process to uncover which team formation users select or adjust 
and how those choices affect collaboration, because it is hard to 
compare how individual dimensions or their combinations influ-
ence collaboration from a single trial [48]. In this study, users were 
asked to iterate through three cycles, during which they refined 
their HMAT formation as new empirical insights emerged. These 
iterations allow us to observe how users’ mental models evolve 
and which team formation they prioritize after gaining hands-on 
experience. 

3.2 HMAT Formation in CrafTeam 
In this section, we introduce five key dimensions of HMAT forma-
tion that can be configured in CrafTeam, and present the Team 
Formation Interface, which enables users to form their own HMATs 
by manipulating these dimensions. 

3.2.1 Dimensions for HMAT Formation. Drawing from prior re-
search on human-agent team formation [12, 30], we adopted five 
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Figure 2: Simplified Team Formation Interface of CrafTeam. (1) The user sets the team name and ideation topic and chooses 
the team size. (2) The user configures a networked team structure by linking members as hierarchical or peer. (3) The user 
assigns roles to each member—Idea Generation, Idea Evaluation, Feedback, and Request. (4) The user creates member personas 
in a resume-like form aligned with roles. (5) The user establishes the team’s shared mental models. 

dimensions of team formation that shape team dynamics and in-
fluence effective collaboration: team size, structure, role allocation, 
member composition, and shared mental models. In selecting these 
dimensions, we focused on aspects of team formation that non-
developer users could explicitly configure through the interface 
(e.g., size, structure, roles), and excluded dimensions that are more 
difficult to operationalize as direct settings, such as interaction style 
or team intervention protocols. 

Team size refers to the number of members (including the user) 
that form a team. Once size is determined, team structure defines 
how these members organize to break down complex tasks that 
exceed any individual’s capacity [80]. Within this structure, role 
allocation assigns specific work functions to each member, both 
human and automated [20, 69]. Beyond functional assignments, 
member composition considers the diversity of member character-
istics and how these differences impact team processes and out-
comes [61]. Finally, shared mental models (SMMs) refer to the extent 
to which team members share a common understanding of team 
tasks, goals, and members’ capabilities, which has been linked to 

improved coordination and team performance [3, 66, 67]. Based on 
these interconnected dimensions of HMAT formation, we designed 
the Team Formation Interface, which allows users to configure and 
refine them based on empirical insights from team-based ideation 
sessions. 

3.2.2 Team Formation Interface. The Team Formation Interface is 
designed to enable users to form their own HMATs by configuring 
key dimensions of team formation. The interface consists of five 
stages (Fig. 2), each corresponding to one core dimension of team 
formation: (i) Team Size, (ii) Team Structure, (iii) Role Allocation, 
(iv) Member Composition, and (v) Shared Mental Model. After 
completing all stages, users can finalize their team by clicking the 
“Create Team” button, which then transitions them to the team-
based ideation phase. 

In the first step, users set basic team information and determine 
the team size. They begin by naming their team and defining the 
ideation topic the team will address. Then users set the team size, 
which can range from 3 to 6 members. We limited the minimum to 
three members (one user and two AI agents) to ensure multi-agent 
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Figure 3: Ideation Interface of CrafTeam. (A) Idea Tab displays all team-generated ideas. It allows users to generate new ideas 
through the “Create New Idea” button and provides detailed views via the “See more details” option, which reveals full idea 
content and enables updates or evaluations (shown as Fig 4). (B) Team Status Tab displays the team structure and member 
information, including the roles assigned to each member, the relationships between team members, and the current status of 
the AI agents. (C) Team Chat Window displays real-time interaction logs, including feedback sessions between team members. 
(D) Chat Input Field enables users to provide feedback or make requests to AI agents. 

team interactions could be explored and capped the maximum at 
six (one user and five AI agents) as an appropriate scale for design 
ideation and to prevent cognitive overload from managing and 
interacting with multiple agents [59, 89]. 

In the second step, users establish a team structure by assembling 
relationships between team members. We implemented a network-
based team structure to allow users to create diverse relationships 
among members and form teams with various structural config-
urations. Each member serves as a node, and users connect their 
relationships as edges to create a network graph-style team struc-
ture. When establishing relationships, users can choose between 
hierarchical or peer relationships. Only members who are directly 
connected can interact with each other. 

In the third step, users assign roles to each team member by 
selecting one or more of four defined roles: Idea Generation, Idea 
Evaluation, Feedback, and Request (detailed in Section 3.3.2). Every 
member must be assigned at least one role, and at least one member 
must have the Idea Generation role to ensure the team can produce 
ideas. During the ideation phase, each member can perform only 
their assigned roles. 

In the fourth step, users define the characteristics of each team 
member by inputting personas in a resume-like format. The infor-
mation fields are based on the framework for multidimensional 
identity representation in LLM-based agents [40], including Social 
Identity (Age, Gender, Education, Occupation), Personal Identity 
(Personality, Skills), and Personal Life Context (Behavior, Likes, 
Dislikes), adapted for the context of building ideation teams. We 
encouraged users to design personas suitable for the intended roles, 
allowing them to specify only the characteristics they deemed nec-
essary, which enabled us to understand which attributes they pri-
oritized. 

In the final step, users establish the team’s SMMs. We asked 
them to write textual descriptions of task models (e.g., procedures, 
possible outcomes, and how to handle them) and team models (e.g., 
teammates’ tendencies, beliefs, and personalities), which were used 
as hard-coded guidelines for team-based ideation. 

3.3 Team-Based Ideation of CrafTeam 
After forming HMATs, users move to CrafTeam’s Team-Based 
Ideation phase to ideate with their team (Fig. 3). We first outline 
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Figure 4: Idea Card in CrafTeam. (A) The main view displays the idea representation, including Object, Function, Behavior, 
and Structure. (B) The Evaluation List displays team members’ ratings and comments on the idea. (C) The Evaluate Idea Tab 
allows users to provide their own ratings and comments on the idea. 

the ideation task and the roles both users and AI agents can take in 
ideation, then describe the Team-Based Ideation Interface. 

3.3.1 Ideation Task. In CrafTeam’s team-based ideation phase, 
users collaborate with their HMATs to engage in a conceptual 
ideation task on a topic of their choice. In CrafTeam, ideas are 
represented in a unified format [72] with four components: object 
(the design target), function (the intended purpose or teleology), 
behavior (what it does or how it responds, expected or derived from 
its structure), and structure (its components and their compositional 
relationships). Each idea is displayed as a card in the interface 
(Fig. 4). 

3.3.2 Roles in Team-based Ideation. During ideation, the user and 
AI agents can generate, share, and give feedback on ideas, itera-
tively refining them through feedback and initial screening. We 
identified four core roles that both users and agents can take in 
an ideation session: Idea Generation, Idea Evaluation, Feedback, 
and Request. Users can serve in these roles through the user in-
terface (Section 3.3.3), whereas AI agents can serve in these roles 
autonomously via LLM-based pipelines (Section A.1). Both users 
and agents may perform an action only if they were assigned the 
corresponding role during the team formation phase. 
Idea Generation. Idea Generation is the action of creating idea 
cards. In this role, members can either (i) Generate New Idea to create 
original concepts or (ii) Update Idea to refine existing ideas using 
their existing representations as templates. All new and updated 
ideas appear in the Idea tab, which is visible to the whole team 
(Fig. 3A). 

Idea Evaluation. Idea Evaluation is the action of assessing ideas. 
In this role, members rate each idea on three 7-point Likert scales 
—novelty, completeness, and quality [72]—and can optionally add 
brief comments. Ratings and comments are displayed on the right 
side of each idea card (Fig. 4B). 
Feedback. Feedback is the action of providing conversational feed-
back to other team members about specific ideas [45] or the overall 
teamwork [17]. In this role, a member can open a one-on-one chat 
with a selected team member to whom they are connected in the 
team structure and exchange multi-turn feedback messages. 
Request. Request is the action of asking other team members to 
take specific actions in the ideation workflow [77]. In this role, 
members can request teammates to whom they are connected in 
the team structure to perform Idea Generation, Idea Evaluation, or 
Feedback. 

3.3.3 Team-Based Ideation Interface. Figure 3 illustrates the 
Ideation Interface of CrafTeam. The interface supports fluid collab-
oration by making all team activities visible and accessible, allowing 
users to respond adaptively to the team’s ideation process. 

At the beginning of an ideation session, only Idea Generation is 
available to establish a shared starting point. After the first idea is 
generated, they may also perform Idea Evaluation, Feedback, and 
Request within their assigned role permissions. In the Idea Tab 
(Fig. 3A), users can click Generate New Idea to add a new idea card. 
They can also open any idea card in the list to evaluate it or update 
the idea. Through the Chat Input Field (Fig. 3D), users can send 
either Feedback or Request by selecting a recipient, choosing the 
message type (Feedback or Request), and typing a brief message; 
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for Request, they also choose the action for the recipient to per-
form. Through Team Status (Fig. 3B), users can monitor team- and 
member-level status to decide when to provide Feedback or make 
Requests. Through Team Chat (Fig. 3C), users can see member ac-
tivity in real time and, once a Feedback conversation ends, review 
its transcript. 

3.4 Reflection Interface 
CrafTeam provides a reflection phase that enables users to review 
their ideation sessions with their HMATs and gain insights for team 
improvement. Once users complete their ideation session, they can 
proceed to the reflection interface by clicking the “Review Team 
Ideation” button on the Team-Based Ideation Interface. The Reflec-
tion Interface (Fig. 5) presents both team-level activity logs and 
individual member activity logs from the ideation session. Team-
level logs show the total number of ideas generated and evaluated, 
patterns of Feedback and Request exchanges between members, 
and the final collection of ideas produced. Individual activity logs 
display how frequently each team member serves within their as-
signed roles. 

4 User Study 
In this study, we use CrafTeam to deepen our understanding of 
HMAT formation by exploring how users form their own HMATs 
and what considerations and strategies they employ when config-
uring these teams. Rather than conducting a comparative study to 
evaluate how well our system supports ideation, we conducted a 
single-condition study to closely observe creative professionals us-
ing CrafTeam, thereby gaining richer insight into how they adapt 
familiar team formation practices from human-only design teams 
when forming and working with HMATs for creative workflows. 
The study protocol was approved by our institution’s Institutional 
Review Board (IRB). 

Participant 
ID 

Age Gender Occupation Domain 

P1 35 M Service Designer AI startup 

P2 26 F UI/UX Designer Screen Interface 

P3 27 M UX Designer Searching Platform 

P4 26 F UX Designer Advertisement 

P5 28 M Service Designer Searching Platform 

P6 26 F UX Designer VR/AR 

P7 32 M Project Manager Video Game 

P8 35 F UX Designer Video Game 

P9 26 F UI/UX Designer Screen Interface 

P10 33 M UX Designer AI startup 

P11 33 M Product Manager Matchmaking Platform 

P12 26 F UX Designer VR/AR 

Table 1: Demographic information of study participants. 

4.1 Participants 
A total of 12 participants (six females, six males) aged from 26 to 35 
(𝑀 = 29.42, 𝑆𝐷 = 3.82) were recruited through IT industry commu-
nities in South Korea. To ensure participants had sufficient back-
ground to form design teams informed by real-world experience, 
we recruited design practitioners currently engaged in team-based 
design work at IT companies and with prior experience using AI 
agents in their workflows. Participants’ demographic details are 
presented in Table 1. The study was conducted in a 200-minute 
session, and participants received 200,000 KRW (approximately 
USD 145) as compensation. 

4.2 Procedure 
The user study process is illustrated in Figure 6. Each study session 
lasted approximately three hours and consisted of four phases: (i) 
Introductory session, (ii) Iterative team formation and ideation, and 
(iii) Post-interview. 
Introductory session. We first explained the purpose and proce-
dure of the study to participants and obtained their signed consent. 
We informed participants that they would be composing teams with 
AI agents to perform ideation tasks and provided a brief tutorial on 
system usage. 

Before using the CrafTeam, we conducted a team forming prepa-
ration session to help participants engage with HMAT formation. 
Participants first answered questions about their past creative team-
work experiences (e.g., most effective team experiences, their roles 
in teams) and their conception of ideal team conditions. They then 
completed three worksheets: (i) sketching an ideal team structure, 
(ii) creating profiles for desired team members, and (iii) defining the 
team’s shared mental models. These activities helped participants 
reflect on HMATs’ team formation and develop concrete ideas about 
the teams they wanted to implement in CrafTeam. 
Iterative Team Formation and Ideation. After the introductory 
session, we introduced participants to the CrafTeam and its in-
terfaces. We then asked them to complete three cycles of team 
formation, ideation, and reflection using CrafTeam. In the first 
team formation phase, we instructed participants to form a new 
HMAT based on their preparatory worksheets and freely choose 
topics for ideation from their professional experiences (15 minutes). 
In the second and third cycles of team formation, participants recon-
figured their teams by modifying their previous setups (5 minutes 
each). For each ideation phase, participants conducted ideation 
with their newly formed team for 15 minutes. Before beginning the 
ideation, we emphasized that the primary goal was not to generate 
perfect ideas in the short time available, but to use the session as 
an evaluation to consider how to form an effective ideation team. 
Finally, after each ideation, we guided participants through a re-
flection phase, prompting them to evaluate team effectiveness and 
identify areas for improvement using system-provided activity logs. 
Post-Interview. We concluded with 45-minute semi-structured 
interviews to explore participants’ experiences in depth. The inter-
view covered: insights gained from iteratively developing teams 
across three cycles, changes in perception regarding the importance 
of each dimension of team formation, experiences collaborating 
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Figure 5: Reflection interface of CrafTeam. The interface consists of five main panels: (i) The Session Summary Panel displays 
team information and session metrics. (ii) The Members Panel shows each member’s persona along with their per-role action 
counts. (iii) The Team Relationship Panel renders the team network, and when Feedback or Request mode is toggled, it visualizes 
the flow of these interactions between members. (iv) The Action Timeline Panel presents a chronologically ordered list of 
actions, featuring an attendee filter and expandable entries for detailed information. (v) The Generated Ideas Panel lists all 
ideas with their scores and metadata, where each item can be expanded to reveal detailed information. 

Figure 6: User study process. The study included a 45-minute introductory session, followed by three iterative cycles of team 
formation, ideation, and reflection (25 minutes each). After the cycles, participants engaged in a 45-minute post-interview to 
reflect on their experiences and share insights. 

with AI agents, and suggestions for future HMAT design. All inter-
views were audio-recorded for transcription and analysis. 

4.3 Data Analysis 
We first conducted a descriptive statistical analysis to examine 
how participants formed and revised their teams. To analyze par-
ticipants’ trial-and-error processes, we quantified changes across 
cycles for the five dimensions of team formation that participants 
could adjust. To better understand these changes in team structure, 
we categorized the teams through iterative comparison, resulting 
in three distinct types (Fig. 7). 

To gain a deeper qualitative understanding, we conducted open 
coding and thematic analysis [7]. In particular, our analysis aimed 

not to highlight considerations known from forming one-human-
one-agent teams, but to identify unique considerations for forming 
HMATs, as well as the requirements of participants. The first PhD 
author open-coded the interview transcripts and interaction log 
data through multiple rounds of iteration. Two additional PhD re-
searchers then reviewed the initial themes and supporting quotes, 
providing feedback on the coding. Based on this, the entire research 
team iteratively revised the themes, ultimately producing enhanced 
qualitative findings that captured both the factors participants con-
sidered when forming HMATs and the requirements they identified 
from their perspective. 
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Dimension Metric Cycle 1 Cycle 2 Cycle 3 Total 

Team Size Size (M±SD) 5.00±0.82 4.08±0.95 ▼ 4.75±1.01 ▲ 4.61±1.02 

Team Structure 
Flat Team (N) 2 2 – 1 ▼ 5 
Single-tier Hierarchy Team (N) 6 6 – 8 ▲ 20 
Multi-tier Hierarchy Team (N) 4 4 – 3 ▼ 11 

Role Allocation 

All: roles per member (M±SD) 3.22±0.75 2.82±1.02 ▼ 2.91±1.06 ▲ 2.99±0.97 

Agents: roles per member (M±SD) 3.27±0.76 2.68±1.07 ▼ 2.82±1.12 ▲ 2.95±1.02 
Agents in role: Idea Generation (M±SD) 3.58±0.95 2.42±0.64 ▼ 3.08±0.95 ▲ 3.03±0.99 
Agents in role: Idea Evaluation (M±SD) 3.50±1.44 1.92±1.04 ▼ 2.58±1.04 ▲ 2.67±1.35 
Agents in role: Feedback (M±SD) 3.83±2.00 2.00±1.29 ▼ 2.75±1.64 ▲ 2.86±1.57 
Agents in role: Requests (M±SD) 2.17±1.67 1.92±1.11 ▼ 2.17±1.34 ▲ 2.08±1.40 

User: roles per member (M±SD) 3.00±0.71 3.25±0.72 ▲ 3.25±0.72 – 3.17±0.73 
User in role: Idea Generation (N) 3 5 ▲ 5 – 13 
User in role: Idea Evaluation (N) 9 10 ▲ 10 – 29 
User in role: Feedback (N) 12 12 – 12 – 36 
User in role: Requests (N) 12 12 – 12 – 36 

Member Composition 

User (% attributes specified) 87.96% 87.96%— 87.96%— 87.96% 

Agents: Social Identity (% attributes specified) 90.10% 89.19% ▼ 93.33% ▲ 90.96% 
Agents:Personal Identity (% attributes specified) 96.88% 97.30% ▲ 96.67% ▼ 96.92% 
Agents:Personal Life Context (% attributes specified) 82.64% 83.78% ▲ 82.96% ▼ 83.08% 

Shared Mental Model Text length (syll.; M±SD) 226.58±108.47 194.67±100.81 ▼ 190.25±109.23 ▼ 203.83±107.47 

Table 2: Descriptive statistics of participants’ team formation dimensions across three cycles. Markers show change vs. previous 
cycle: ▲ increase, ▼ decrease, – no change. 

5 Findings 
In this section, we first present descriptive statistics on how partic-
ipants form HMATs and conduct ideation with their teams using 
CrafTeam. We then describe the key considerations participants 
encountered when forming teams and the strategies they used to 
address them. Finally, we report the requirements for human-multi-
agent teaming that participants identified, distinguishing it from 
both human-only and one-human-one-agent teams. 

5.1 Descriptive Statistics of CrafTeam Usage 
We first describe how participants formed their teams, focusing on 
the HMAT formation dimensions they specified, and then report 
how ideation unfolded within these teams. To shed light on the trial-
and-error process through which participants formed their teams, 
we report how teams evolved across cycles. We denote participants 
as P1, and index each team by the cycle number following the 
participant ID (T1–T3). For example, P1T3 refers to P1’s team in 
Cycle 3. 

5.1.1 Participants’ HMAT Formation Patterns. In total, participants 
formed 36 teams (12×3 cycles), exploring diverse formations—parti-
cularly in team structure and role allocation. Table 2 summarizes 
how participants configured the dimensions of team formation 
across cycles. 
Team Size. Participants created teams averaging 4.61 members 
(𝑆𝐷 = 1.02,𝑚𝑖𝑛 = 3,𝑚𝑎𝑥 = 6), including themselves. They initially 
formed teams averaging 5.00 members, scaled them down to 4.08 
in the second cycle, and then rebounded to 4.75 in the final cycle. 
Team Structure. We categorized team structures into three types 
based on how participants configured hierarchical relationships 

(Fig. 7): (i) Flat, (ii) Single-tier Hierarchy, and (iii) Multi-tier Hierar-
chy. 

Single-tier Hierarchy teams were most common, with the user 
typically serving as the sole leader managing all agents directly. 
Only P2T1–T3 placed an AI at the top, and only P1T2 and P1T3 
assigned multiple co-leaders. Multi-tier teams comprised a top man-
ager, one or two mid-level managers, and several team members; 
users generally occupied the top role while AI agents served as 
mid-level managers, with the sole exception of P3T1, where the 
participant took a mid-level position. By the end of the study, par-
ticipants tended to converge on Single-tier Hierarchy structures 
with themselves as the leader. This pattern indicates an initial ex-
ploration of various structural options, followed by a pragmatic 
preference for direct control, in which the user maintains a clear 
leadership role over all agents. 
Role Allocation. Participants assigned averaged 2.99 roles per 
member. For AI agents, the number assigned to each role per team 
decreased from Cycle 1 to 2, then partially recovered in Cycle 3. 
Teams assigned an average of 3.58 AI agents to Idea Generation in 
Cycle 1, reduced to 2.42 in Cycle 2, then increased to 3.08 in Cycle 
3. Idea Evaluation followed the same pattern with averages of 3.50, 
1.92, and 2.58 agents. Feedback roles decreased from an average of 
3.83 agents to 2.00, then partially recovered to 2.75. Request roles 
remained stable. 

Users rarely participated in Idea Generation (36% of teams) but 
frequently took Idea Evaluation roles (81% of teams). All teams 
included users in the Feedback and Request roles. 
Member Composition. Participants created 130 AI agent profiles to 
compose their HMATs. Completion rates across the three categories 
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Figure 7: Three types of team structures emerged from teams formed by participants: (i) Flat teams where all members 
functioned at the same hierarchical level; (ii) Single-tier Hierarchy where one or a few leaders directly managed all other 
members; and (iii) Multi-tier Hierarchy where multiple layers of management existed between top leadership and base members. 

were: Personal Identity 96.96% (skills 100%, personality 94%); Social 
Identity 90.96% (age 90%, gender 87%, education 87%, occupation 
100%); and Personal Life Context 83.08% (work style 94%, likes 
78%, dislikes 78%). In composing teams, participants prioritized 
occupations and skill sets, while attributes such as gender and 
likes/dislikes were comparatively non-essential. 
Shared Mental Model. Participants established SMMs averaging 
203.83 syllables in length. Participants entered longer SMMs in 
Cycle 1 (226.58 syllables), then progressively shorter SMMs in Cycle 
2 (194.67 syllables) and Cycle 3 (190.25 syllables), demonstrating a 
decreasing trend across cycles. 

5.1.2 Patterns of Actions in Team-Based Ideation. Across three 
team-based ideation sessions, participants engaged in ideation with 
their HMATs on a variety of topics, including future wearable AI 
devices (P1), a context-aware Next TV platform UI (P6), and con-
versational AI robots for children’s emotional development (P9). In 
this section, we highlight key patterns in how participants and AI 
agents differed in their actions across the three ideation cycles, and 
present a detailed summary of these patterns in Appendix B.1. 
Idea Generation. HMATs generated 451 ideas in total. Most of these 
ideas came from AI agents, whereas participants rarely generated 
ideas directly. Across teams, AI agents with the Idea Generation role 
produced an average of 4.37 ideas, whereas participants produced 
only 0.19 ideas (7 ideas in total). The volume of ideas remained 
similar across cycles (151, 146, and 154 ideas in Cycles 1–3), but 
each member’s idea productivity shifted over time. The number 
of ideas generated by each member increased from an average 
of 3.49 in Cycle 1 to 5.07 in Cycle 2, when generation roles were 
concentrated on fewer agents, and then decreased slightly to 4.54 
in Cycle 3 after roles were rebalanced. 
Idea Evaluation. HMATs produced 428 evaluations total. Overall, 
participants gave relatively low but gradually increasing ratings 
across cycles, with substantial variability across ideas, from 𝑀 = 
3.12 (𝑆𝐷 = 1.66) in Cycle 1 to 𝑀 = 4.06 (𝑆𝐷 = 1.66) in Cycle 
2 and 𝑀 = 4.51 (𝑆𝐷 = 1.37) in Cycle 3. In contrast, AI agents 
consistently gave high and similar ratings across cycles, scoring 

𝑀 = 5.36 (𝑆𝐷 = 0.61) in Cycle 1, 𝑀 = 5.37 (𝑆𝐷 = 0.50) in Cycle 
2, and 𝑀 = 5.37 (𝑆𝐷 = 0.43) in Cycle 3, indicating that most ideas 
were evaluated within a narrow high range. 
Feedback. HMATs conducted 358 feedback sessions, averaging 5.62 
turns each. AI agents initiated 113 sessions in Cycle 1, dropping 
to 50 in Cycle 2, before partially recovering to 84 in Cycle 3. In 
contrast, participants became more active in giving feedback across 
cycles, from an average of 1.50 sessions in Cycle 1 to 2.50 in Cycle 2 
and 3.17 in Cycle 3. 
Requests. HMATs made 106 requests total. Participants overwhelm-
ingly requested Idea Generation (49 requests), while only 15 re-
quested Idea Evaluation and 8 requested Feedback. By contrast, AI 
agents showed a different distribution of requests: only 1 for Idea 
Generation, 12 for Idea Evaluation, and 21 for Feedback. 

5.2 Participants’ Considerations for HMATs 
Formation 

During the preparation session, participants defined what they 
wanted their HMATs to achieve and how they expected them to 
operate. Most sought to enable high-quality ideation while mini-
mizing their own workload, expecting agents to autonomously gen-
erate and elaborate ideas with minimal human intervention. During 
ideation, however, participants found that their teams did not op-
erate as expected and incrementally refined their teams through 
iterative cycles. In this section, we illustrate the key considerations 
participants had to address when forming HMATs that differed 
from their initial expectations, and how they responded to these 
challenges. 

5.2.1 Delegating Idea Generation to AI Agents. During team forma-
tion, all participants assigned the Idea Generation role to AI rather 
than generating ideas themselves. They viewed AI as more efficient 
because brainstorming and writing descriptions are cognitively 
taxing and time-consuming for humans, whereas AI can produce 
ideas instantly. They also highlighted reduced social pressure in 
team ideation, noting that AI produces candidate ideas immediately 
without the self-censorship that slows humans. As P12 noted, “In 
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real-world team ideation, people take a long time to voice ideas be-
cause they hesitate or resist having them evaluated by teammates. AI, 
however, provides ideas immediately without that burden, making it 
well-suited to the ideation role.” 

Most participants believed that delegating ideation to AI agents 
was efficient in terms of work productivity; some participants (P5, 
P8, P10, and P11) questioned whether this division of roles actually 
yields high-quality ideas. They noted that many AI-generated ideas 
lacked the novelty or practical feasibility needed for real-world 
application: “I often use GPT for ideation and have a sense of what 
generative AI can do; what I see here is similar. For now, humans are 
better suited for creativity and should handle the truly creative and 
productive aspects. (P11)” 

5.2.2 AI Leaders Fall Short: Users Forced into Direct Management. 
Participants said that assigning a leader is necessary to keep multi-
member teams aligned toward a unified direction. In this view, they 
considered themselves better suited to assume this role in HMATs, 
while also expecting that if AI could replace or support leadership, 
teams could operate more autonomously with minimal human 
intervention. Many participants attempted to deploy higher-level 
or middle-manager agents to assist with, or even fully automate, 
such management tasks. 

However, participants reported that the AI leader did not fulfill 
the expected leadership role and did not improve the quality of 
ideas. They mainly attributed this to the agent’s reluctance to take 
clear positions or make decisions. As P5 stated, “In practice, meet-
ings with a leader end with action items about what to do next and 
how to proceed. But the AI gave feedback without actually deciding 
anything and showed no clear preferences; it just kept the conversation 
going. As a result, ideas did not develop in a specific direction, and 
we felt like we were going in circles.” Participants also noted that 
management functions—such as task allocation and support for 
individual members—were not performed: “I expected that when 
I made a request to the AI set as the leader, it would notify other 
team members as appropriate and assign tasks suited to each person’s 
abilities. It did not. (P12)” 

Consequently, most participants gradually adopted a single-tier 
hierarchy, with themselves serving as the leader and directing the 
team. However, managing multiple agents alone proved burden-
some, adding substantial workload: “Even with only three AIs, when-
ever a feedback request came in, I had to double-check their prior 
work; when another agent requested feedback, I had to review that 
history too. As a result, keeping up was difficult because the agents 
moved quickly, while my capacity to interpret and provide feedback 
simultaneously was limited. (P3)” Ultimately, participants either lim-
ited the number of agents or devised more effective management 
strategies. 

5.2.3 Generalist to Specialist. Participants noted that teams where 
everyone’s contributions were respected tended to achieve better 
results. In line with this view, they designed HMATs to support 
recognizing contributions and ensuring autonomy, enabling all 
members to generate ideas, evaluate them, and provide feedback 
rather than enforcing rigid, role-based divisions dictated by the AI 
structure. 

However, after ideating with such AI teams, participants found 
that giving a single agent multiple roles slowed task progress and 

was inefficient. P9 remarked, “When I initially allowed agents to 
handle every role, they performed each only superficially. As I clarified 
roles, for example, ideation versus feedback, the outcomes became more 
numerous and specific, so I assigned some agents to ideation only and 
others to feedback only.” Furthermore, because the structure placed 
the user in the manager role overseeing every AI agent, assigning 
multiple roles to each agent increased the coordination workload 
of participants. P12 explained, “Initially, I gave them a high degree 
of freedom, but it was hard to track what each agent had done. So, 
rather than multiple roles, assigning each agent a single role proved 
more effective for keeping agents on track.” 

Through iterative cycles, participants converged on assigning 
each agent a clearly defined role, most often dividing the team into 
ideation and evaluation. In turn, they emphasized the ability to 
operate with more extreme specialization, a possibility unique to 
AI teams, beyond what small, human-only teams can manage. P4 
noted, “In human teams, assigning roles like ‘you can’t ideate, so 
just evaluate’ raises equity concerns, which makes this hard to do. 
With AI, those constraints don’t apply, so if efficiency is the goal, 
even extreme role separation seems possible.” Several participants 
(P1, P5, P7) likened HMAT configuration to a strategy game and 
approached assignments from a team-first perspective rather than 
tailoring them to individual needs. P1 further argued for maximizing 
AI speed and uptime by predefining algorithms, operating policies, 
and action-selection rules to reduce real-time decision overhead. 

5.2.4 More Agents do not guarantee Better Ideas: Diversifying 
Agents’ Persona. Participants expected that adding more agents 
would increase productivity when forming HMATs. Most assigned 
two or more agents to Idea Generation and Evaluation. However, 
they found that output did not scale linearly, since agents often pro-
duced overlapping ideas or similar evaluations. The agents seemed 
to lack distinct perspectives, operating more like duplicates than 
diverse team members: “At first, it felt less like several people brain-
storming together and more like running three GPTs in parallel and 
assigning tasks to each. The only benefit seemed to be faster output 
through parallel processing, not better ideas. (P8)” 

During ideation, participants found that agents with different 
personas tended to generate ideas aligned with their backgrounds. 
In response, they diversified the personas of agents in the same 
role to broaden the scope of ideas. For example, P8 said, “The agent 
with a designer persona seemed to focus on more design-oriented 
ideas, while the developer agent appeared to strive for more technical 
solutions. So in the next cycle, I added an agent with a civil servant 
persona and asked it to generate ideas related to national policy.” 
Some participants also created personas that do not exist in reality 
to elicit more unusual ideas. P7 suggested, “To add variation to the 
team, it might be good to intentionally include an extreme member, 
something like a virus. I instilled a mindset such as ‘You only think 
about this direction and are only interested in these things,’ and when it 
interacts with other agents, it might lead to more unexpected outcomes.” 
Similarly, for idea evaluation, some participants (P3, P5, and P11) 
differentiated evaluator agents into personas that provided only 
positive feedback and those that provided only negative feedback, 
which yielded evaluations from more diverse perspectives. 



Understanding Human–Multi-Agent Team Formation for Creative Work CHI ’26, April 13–17, 2026, Barcelona, Spain 

5.3 User-Centered Requirements for 
Human–Multi-Agent Teaming 

Through CrafTeam, participants had the opportunity to form 
teams of multiple AI agents and explore how this affected their 
ideation. All participants indicated that HMATs have potential in 
their practice and could be applied to other tasks beyond ideation. 
However, they also identified requirements distinct from human-
only teams, underscoring what must be addressed for effective 
collaboration with multiple agents. In this section, we outline the 
requirements participants identified while using CrafTeam. 

5.3.1 Challenges Around Interaction with Multi-Agents. 
Inefficiency of Human-Like Communication Between Agents. 
In CrafTeam, participants could monitor how agents communi-
cated with one another and how well each agent performed its 
assigned role. With this visibility, they could identify moments 
when agents behaved differently from their expectations and make 
fine adjustments. For example, P4 noted, “I observed the agents ex-
changing feedback, but they were focusing too much on security issues. 
Since it was still the early stage of ideation, I told them to focus more 
on novelty in their feedback, and afterwards, they seemed to provide 
feedback more in line with what I had expected.” 

However, several participants (P1, P5, and P11) questioned the 
premise that agent-to-agent communication should mimic human 
conversation. P11 said, “If AI agents are conversing among themselves, 
the exchange need not be in natural language, nor always be visible 
to me. As it is, they seem to mimic humans, which creates a slight 
uncanny valley effect.” P1 argued that human-style dialogue can 
waste time and computational resources: “Generative AI typically 
produces content faster than people, but conversation is different. 
Because each turn waits for the other’s output, it can feel slower 
than human conversation, and forcing AI to converse this way may be 
inefficient.” P5 emphasized the need to revise how AI-to-AI dialogue 
is surfaced to users: “I read some AI-to-AI conversations, but they 
were too noisy, and going through them felt like a waste of time. 
It would be better to show a summary or simply the outcome: the 
conclusion they reached.” 

Needs for Team-level Interaction. Many participants (P2, P5, P6, 
P8, P10, and P12) mentioned a need for team-level interactions 
during group ideation that CrafTeam did not support. As P1 noted, 
“In real work, we don’t just stack one-on-one chats; we need group 
discussions where several people can talk at once. I wish the system 
supported that.” Some participants repurposed the shared mental 
model as a broadcast channel, adding guidance they wanted to 
disseminate, such as ‘Don’t suggest ideas for specific technologies’ 
or ‘Focus on IoT-based services.’ They also wanted to integrate these 
broadcast instructions mid-session so that all agents would adjust in 
real time during the ideation. Participants further requested a more 
dynamic, multi-party exchange with overlapping contributions 
and rapid floor shifts, rather than strictly sequential turns. P6 said, 
“When brainstorming with people, everyone takes turns, but talk still 
overlaps. When two are speaking, others aren’t only observing. Three 
may jump in, then four, then it returns to two. I wish those transitions 
felt more natural.” They especially wanted to join ongoing agent-to-
agent exchanges at any moment, including interrupting or steering 
them. 

5.3.2 Rethinking Team Growth in HMATs. Drawing on real-world 
workplace experience, participants treated a team’s potential for 
sustained growth as one of the key considerations in team forma-
tion. The most common strategy was adapting master–apprentice 
pairings to HMATs. P6 explained, “Senior–junior pairs work well 
in practice because seniors benefit from assistance, and juniors can 
develop over time through that collaboration.” P10 also experimented 
with a competitive structure to develop and refine ideas, dividing 
the team into two competing groups with the expectation that both 
would improve over time. 

Participants viewed these strategies as less effective for AI 
agents, arguing that HMATs require different team-development 
approaches than human-only teams. P8 noted, “With human teams, 
once people are hired, it’s difficult to dismiss them, so it’s crucial to 
help selected members grow. With AI, you can simply swap in a better 
model, so investing in a weak agent is less necessary.” Consequently, 
participants suggested focusing less on cultivating specific agents 
and more on iteratively replacing them to better fit the team’s 
structure and role requirements. For example, P1 proposed: “If we 
simulate 100 AI teams, award points to teams that generate strong 
ideas, and then select the top performer, akin to reinforcement learning, 
we could identify an optimal AI team.” 

6 Discussion 
In this study, we investigated how participants formed HMATs and 
collaborated on creative ideation tasks. Through CrafTeam, partic-
ipants initially attempted to form autonomously operated teams in 
which AI agents collectively assumed both generative and reflective 
roles. However, our findings reveal that, because AI agents who 
have to lead the team struggled to provide value judgments and set 
directions, which are essential for idea development, participants 
shifted to team formations in which they directly orchestrated the 
agents and guided the ideation process. In this section, we exam-
ine the challenges of automated loops in HMATs and explore how 
human-orchestrated teams emerged to address these limitations. 
We then discuss design considerations for HMAT formation that 
enable users to effectively orchestrate multiple agents through scal-
able multi-party communication and progressive team evolution. 

6.1 Breaking the Unproductive Loop: 
Human-Orchestrated HMATs 

In developing HAT for co-creation, a key consideration has been 
how to distribute roles between AI agents and humans [53, 65]. 
Creative workflows that evolve through iterative processes involve 
two primary roles: the generative role, which generates creative 
outputs, and the reflective role, which evaluates outputs or pro-
vides reflective questions to facilitate further development [65, 88]. 
Previous studies have explored various trade-offs in these role dis-
tributions—when AI assumes the generative role, diverse idea explo-
ration becomes possible but user agency weakens; when AI takes 
the reflective role, it induces deeper user reflection but the burden 
of idea generation remains with humans [88]. 

Our study enabled participants to configure HMAT formations 
beyond single-agent constraints, particularly by assigning AI agents 
both generative and reflective roles to automate iterations of the 
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ideation process. However, contrary to their expectations, the auto-
mated interactions among agents often devolved into unproductive 
loops: lacking the capacity to direct and prioritize ideas, the agents 
repeatedly circled around similar concepts rather than advancing 
the ideation. Our participants noted that while the evaluations and 
feedback provided by agents were generally valid, their lack of 
personal preferences and inability to make value judgments pre-
vented them from giving clear direction. This observation aligns 
with prior research indicating that, while AI agents can readily 
surface a wide range of alternatives, they struggle to exercise the 
subjective value judgments and directional choices that move cre-
ative work forward [22]. This limitation reflects not only current 
agent capabilities but also the fundamental nature of creative team-
ing, where progress depends on subjective value judgments and 
directional choices in creative work that has no predefined cor-
rect answer. It therefore points to the need to ensure that humans 
hold the steering wheel to provide the direction that creative work 
inherently requires. 

Consequently, most participants ultimately assumed the reflec-
tive role themselves to break the unproductive loop, directly eval-
uating ideas and providing direction. While they actively took on 
the reflective role in ideation, they continued to explore ways of 
leveraging multi-agent setups without relying solely on automated 
ideation. For instance, they operated multiple ideation threads in 
parallel to secure broader exploration spaces than traditional single 
HAT, or employed assistant agents that offered alternative reflec-
tive perspectives to scaffold human judgment. As they reconfigured 
how they worked with agents, their role evolved from a narrow 
reflective role to that of an orchestrator coordinating an entire 
team. In this role, they synthesized outputs from each thread, set 
priorities, and decided which ideas to develop next, serving as the 
central axis that enabled multiple agents to function harmoniously 
as a team. 

Taken together, we suggest forming HMATs in ways that position 
humans as orchestrators of multiple agents rather than delegating 
primary control to fully autonomous agent teams. Prior work in 
human–robot teaming has similarly suggested formations where 
humans orchestrate multiple agents, acting as managers or super-
visors [12, 21]. However, in creative work with multiple agents, 
orchestration involves more than a managerial role. Our findings 
revealed that users needed to lead the team while simultaneously 
acting as both managers and active contributors who coordinate 
the process and set the creative direction. This expanded role, while 
unlocking the potential of human-orchestrated HMATs, also places 
a significant burden on users and makes team performance heav-
ily dependent on their capabilities. These tensions surface a new 
central design question: how should HMATs be designed so that 
teams remain human-orchestrated while reducing the cognitive 
and managerial load required for users to fulfill this demanding 
role? We therefore call for future research that investigates more 
fine-grained and context-specific human-orchestrated HMAT for-
mations that keep users actively involved while reducing their 
burden. This agenda extends not only to HMAT formation itself 
but also to the interaction and system design required to realize 
such formations. In the following section, we discuss the specific 
challenges users encounter when orchestrating multiple agents and 
propose design considerations to address them. 

6.2 Toward Scalable Human Orchestration: 
Supporting Multi-Party Communications 
from the User’s Perspective 

While participants adopted this human-orchestrated formation to 
leverage diverse perspectives from multiple agents, managing them 
simultaneously imposed substantial cognitive load. Our participants 
noted that this challenge stemmed from a lack of orchestration-
specific support in CrafTeam, pointing out that its current in-
teraction and interface design were not optimized for orchestrat-
ing multiple agents. This underscores that establishing effective 
human-orchestrated teams requires more than just identifying the 
optimal team formation, but also demands the deliberate design of 
interactions and interfaces that enable users to orchestrate these 
formations. 

Previous HAT research has emphasized the importance of con-
tinuous communication and coordination for aligning goals and 
thoughts among multiple independent entities performing dis-
tributed tasks [91]. Building on this foundation, HMATs introduce 
new communication challenges as they require orchestrating inter-
actions among more than two members. Our CrafTeam enabled 
one-on-one interactions with multiple agents but did not support 
simultaneous multi-agent interactions, and participants noted this 
absence as a barrier to real teamwork. For instance, participants 
struggled to implement situations where all team members par-
ticipate simultaneously, such as brainstorming sessions, or where 
they provide direction to the entire team. As participants suggested, 
future systems should explore interaction methods that allow con-
ducting discussions with multiple agents simultaneously or issuing 
commands to multiple agents at once. Our findings also revealed 
that participants directly controlled shared mental models to convey 
information efficiently without the need for detailed explanations. 
This finding supports prior research proposing group-level commu-
nication strategies, where users treat multiple agents as cohesive 
groups rather than managing each individually to reduce cognitive 
burden in multi-agent orchestration [70]. Building on this insight, 
future work could explore information injection methods beyond 
direct dialogue when designing HMAT communication systems. 

Beyond the challenges of multi-party communication, our find-
ings reveal that participants needed to observe inter-agent inter-
actions to manage their teams. However, they struggled with this 
monitoring task due to cognitive overload from the sheer volume 
of agent-to-agent communications, making it challenging to track 
team dynamics and identify unproductive patterns. Furthermore, 
requiring agents to communicate in natural language for human 
comprehension may be inherently inefficient—as previous research 
has noted, forcing AI to use human-style dialogue can waste time 
and computational resources when agents could communicate more 
efficiently through other means [8, 91]. This presents a fundamental 
tension between the need for transparency in agent interactions 
and the practical limitations of human attention and processing 
capacity. Future research should investigate how to present inter-
agent interactions to users in a way that balances transparency with 
cognitive manageability. These findings suggest opportunities to 
explore new user interfaces for HMATs that specifically address the 
challenges of multi-party communication and observing inter-agent 
interactions while managing multiple agents. 
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6.3 Progressive Team Evolution: 
Human-Aligned HMATs Through Iterative 
Refinement 

Our findings revealed that participants initially struggled to form 
teams that functioned as they intended or expected. Despite these 
early difficulties, we observed participants iteratively developing 
their teams through trial and error, gradually evolving them into 
configurations capable of producing ideas that aligned with their 
personal expectations and ideation contexts. This progressive team 
development has long been recognized as crucial in human-only 
teams, with foundational models like Tuckman’s team development 
model (forming, storming, norming, performing) demonstrating 
how teams evolve through conflict, coordination, and collabora-
tion [6, 48, 76]. This suggests that effective team formation is built 
over time and interaction, as it involves numerous complex factors 
that can produce unexpected dynamics and emergent behaviors. 
Particularly when forming HMATs, it becomes crucial that users 
themselves take charge of team formation so that the resulting con-
figurations are well aligned with their nuanced goals and working 
styles. Therefore, we emphasize that HMAT design should focus 
not on forming perfect teams from the outset, but on empower-
ing users to form and personalize their teams through progressive 
development. 

Prior work on human team formation has proposed tools and 
strategies that support progressive approaches to team design, en-
abling people to quickly experience different team configurations 
and iteratively refine them based on observed outcomes [48, 85]. 
Building on this line of work, our findings extend progressive team 
formation to HMATs via CrafTeam, which allows users to form 
teams with customized AI agents. However, through the process 
of developing and studying CrafTeam, we found that progressive 
team growth in HMATs differs in important ways from human team 
development. Whereas human team formation typically involves 
recruiting from a bounded pool of candidates and reconfiguring 
teams at substantial social and organizational cost, HMATs let users 
instantiate and revise AI agents with comparatively little friction. 
While this flexibility lets users consider many more plausible team 
formations, our findings show that adding or reshuffling agents is 
not reliably associated with increased team performance. In HMATs, 
progressive improvement thus takes a different form: rather than 
slowly refining teams drawn from a bounded pool, users tend to 
rapidly explore, compare, and prune many alternative team for-
mations while continually deciding which agents to instantiate, 
retain, or retire and how to structure roles within the team. Future 
research should explore methods for empowering users to progres-
sively form and personalize HMAT formation within such iterative 
cycles, offering appropriate freedom to explore this enlarged design 
space without overwhelming them with complexity. 

In addition, our findings revealed that participants with practical 
teamwork experience considered how team members could progres-
sively grow in capability as they performed ideation tasks. How-
ever, HMATs required fundamentally different strategies for both 
team formation development and individual members’ growth com-
pared to human teams. Our findings showed that traditional team 
growth strategies leveraging human psychology—such as induc-
ing competition or fostering senior-junior collaboration—proved 

ineffective with AI agents, as they lack emotional motivation and 
social learning capabilities. Rather than emphasizing the capability 
development of individual team members as in human teams, par-
ticipants found it more practical to rapidly replace underperforming 
AI agents with better-configured alternatives. While prior work has 
proposed similar approaches that employ reinforcement learning 
and other training techniques to improve the composition of mul-
tiple agents for MAS [47], HMATs require not only more capable 
agents but also agents whose roles and behaviors stay aligned with 
a particular user’s goals, values, and expectations for how the team 
should function. Taken together, these findings point to future work 
on HMATs that enable users to actively develop both the overall 
team formation and the capabilities of individual agents over time. 

6.4 Limitations and Future Works 
In this section, we discuss the limitations of our study that could 
impact the generalization of our findings. 

First, we conducted an exploratory study with 12 participants, 
which was not a longitudinal investigation. While this approach 
provided deep insights into HMAT formation, the limited sample 
size and duration may not capture the full spectrum of strategies 
that might emerge over the long term. Additionally, we relied on 
users’ subjective judgments rather than measuring actual ideation 
performance. As a result, we were not able to quantitatively eval-
uate how the team formations proposed by participants affected 
team outcomes, such as improvements in idea quality. Although 
the present study does not aim to identify a single optimal team 
configuration, the considerations and hypotheses we propose in 
the discussion require further empirical investigation. Future work 
should therefore examine how different team formations affect cre-
ative outputs, using metrics such as idea quality, novelty, diversity, 
and feasibility. 

Second, our investigation focused exclusively on ideation tasks 
using iterative divergent-convergent processes. This narrow scope 
may not generalize to other creative workflows requiring different 
collaboration patterns. Sequential workflows in software devel-
opment or design projects might require fundamentally different 
orchestration strategies. Similarly, creative tasks that require spe-
cialized expertise may require different approaches to the distribu-
tion of human-agent roles. Further research is needed to understand 
how HMATs should be formed across diverse creative domains and 
workflow types. 

Third, we examined only single-human multi-agent teams, leav-
ing questions about scenarios with multiple human collaborators. 
Multi-human HMATs introduce additional complexity in coor-
dination, authority distribution, and conflict resolution that our 
study did not address. When multiple humans each orchestrate 
their own agents while collaborating toward shared goals, the in-
teraction patterns are likely to differ substantially from those in 
single-human scenarios. Future work should investigate these multi-
human–multi-agent team formations and develop guidelines for 
scaling HMATs beyond individual use. 

Lastly, our study did not deeply explore the ethical implications 
of HMATs in creative work. Previous HAT research has documented 
risks of over-reliance on AI and diminished human autonomy [18], 
and with multiple agents, these risks may compound. In fact, most 
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participants delegated idea generation to AI agents, which could 
lead to a diminished sense of creative agency and ownership. As 
HMATs become prevalent, future research should investigate how 
to preserve human authorship and accountability when forming 
multi-agent teams, developing guidelines that balance AI assistance 
with human creative autonomy in team design decisions. 

7 Conclusion 
In this study, we developed CrafTeam, a technology probe that 
enables users to form and collaborate with HMATs, allowing us to 
observe how users specify HMAT formations in practice and sur-
face practical considerations around HMAT formation. Through a 
three-hour user study with 12 IT design practitioners, in which par-
ticipants iteratively formed and refined teams across three cycles, 
we examined how users form HMATs and leverage them in cre-
ative ideation processes. We found that while participants initially 
attempted to let teams operate autonomously, they soon discovered 
limitations in AI’s ability to make value judgments and express clear 
preferences, which are required for creative work. Consequently, 
participants adopted a formation where they directly orchestrated 
agents to break unproductive loops and provide direction. Based on 
these findings, we emphasize the importance of designing HMATs 
centered on human orchestration and suggest design considerations 
that support multi-party communication and progressive team evo-
lution. We hope this research provides insights and a future research 
agenda for designing human-orchestrated multi-agent teams. 
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A Detail of System 

A.1 Design of LLM-Based Agent for HMATs 
In this section, we describe how we designed AI agents for HMATs 
in CrafTeam. To enable ideation with multi-agents, we designed 
agents capable of autonomous interaction while adhering to user 
customizations (Fig 8). We adopted the generative agent architec-
ture [60, 83] as our foundation, creating LLM-based agents with a 
behavioral framework that enables dynamic interaction and envi-
ronmental responsiveness. This framework operates through four 
distinct states: (i) Plan, (ii) Act, (iii) Reflect, and (iv) Wait. Users can 
monitor each agent’s state in real-time through the Team Status 
Tab (Fig. 3.B). 

• Plan State: In the Plan state, the agent determines its next 
action. It first checks for any incoming requests from the 
user or other agents. If a request is present, the agent plans 
to address it. If there are no pending requests, the agent 
autonomously selects an action to perform based on its as-
signed roles. 

• Act State: In the Act state, the agent executes a single action 
corresponding to its assigned roles. The possible actions 
include: Idea Generation, Idea Evaluation, Feedback (and 
Feedback Response), and Request. 

• Reflect State: In the Reflect state, the agent processes new 
information and updates its internal memory. This state is 
typically triggered after the agent receives an evaluation 
for an idea it generated or at the conclusion of a feedback 
session. 

• Wait State: In the Wait state, the agent remains idle and 
performs no actions. After a duration of 30-60 seconds, it 
automatically transitions back to the Plan state. This period 
serves as a buffer to prepare for new interactions. If the 
agent receives a direct request or feedback during this time, 
it immediately transitions to the Act state to respond. 

To implement this behavioral framework, we designed three 
core components: a profiling module (Section A.1.1), a memory 
module (Section A.1.2), and a set of pipelines to execute each action 
(Section A.1.3). 

A.1.1 Profiling Module. We designed a profiling module to enable 
agents to simulate behaviors according to user-defined profiles. 
Following prior research [40, 84], the profiling module guides the 
LLMs to embody a character by emphasizing how traits manifest 
in personal and social contexts rather than merely listing profile 
attributes. Upon completing team building, the module generates 
tailored prompts for each agent based on the agent’s assigned pro-
file and the team’s shared mental model. These prompts translate 
the profile into behaviorally grounded guidance for the agent, sup-
porting more authentic persona simulation. 

A.1.2 Memory Module. We designed a memory module to enable 
agents to remember their prior interactions and reflect on them 
in subsequent actions. Building on prior research on simulating 
human-like agents [84], we designed each agent with both Short-
Term Memory for recent interaction and Long-Term Memory for 
enduring information. 

Short-Term Memory stores three types of information: (i) five 
most recent actions to inform subsequent decisions, (ii) a queue of 

incoming Requests queued for later processing, and (iii) the running 
transcript of any ongoing Feedback conversation. This memory is 
populated in real-time and is transient, as its contents are cleared 
once a request is performed or a feedback session concludes. 

Long-Term Memory stores three components: (i) Design Knowl-
edge, (ii) Action Strategies, and (iii) Relationships. Design Knowl-
edge records ideation-relevant facts, constraints, and examples 
accumulated during the session. Action Strategies specify what the 
agent may do and how for each role-permitted action (Idea Genera-
tion, Idea Evaluation, Feedback, Requests) and the Plan. Given the 
team-based interaction setting of HMATs, we introduce Relation-
ships, which capture the agent’s own working beliefs about other 
members—who they are and how they connect to the agent (roles 
and links), salient interaction history with each, and perceived reli-
ability or responsiveness. The agent uses this to decide whom to 
engage or which action to direct to whom. 

A.1.3 Action Pipelines. To govern the behavior of AI agents in 
CrafTeam, we designed LLM-based action pipelines that direct 
agents to perform defined tasks. We implemented two categories 
of actions: (i) foundational actions, which represent the default 
capabilities inherent to every agent, such as Plan, Reflection, and 
Feedback Response; and (ii) role-permitted actions, which are ac-
tions specifically assigned to each agent based on their role—such 
as Idea Generation, Idea Evaluation, Feedback, and Request. 

All prompts of LLM-based pipelines consist of both system 
prompts and user prompts. The system prompt includes the agent 
profile prompt generated in the profiling module, with additional 
memory and contextual information assigned to both the system 
and user prompts depending on the specific action. When a request 
triggers an action (e.g., Idea Generation, Idea Evaluation, or Feed-
back), the corresponding request details are consistently appended 
to the prompt. Following is a detailed description of the pipeline 
for each action. 
Plan Pipeline. The Plan pipeline determines the following action 
an AI agent should take. Its inputs include the agent’s recent be-
haviors from short-term memory, as well as design knowledge and 
relevant action plans from long-term memory. The output requires 
the agent to either select one of its assigned actions or choose 
to wait, and to generate a rationale for this decision to support 
Chain-of-Thought prompting. 
Idea Generation Pipeline. The Idea Generation pipeline enables 
AI agents to generate ideas. First, through a pre-generation prompt, 
the agent determines its ideation strategy. The inputs include a 
list of existing ideas, knowledge from long-term memory, and 
ideation-related action plans stored in long-term memory. The 
outputs comprise a decision on whether to create a new idea or 
develop an existing one, including specification of which idea to 
develop. Based on this decision, the agent either generates a new 
idea using the ideation strategy or updates an existing idea by 
building upon it with the chosen strategy. The idea generation pro-
cess is implemented using prompts adapted from prior research on 
co-ideation [72] and employs few-shot prompting. 
Idea Evaluation Pipeline. The Idea Evaluation pipeline enables AI 
agents to evaluate ideas. First, through a pre-evaluation prompt, the 
agent determines which idea to evaluate and how to approach the 
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Figure 8: Agent architecture of CrafTeam. Agents iterate through Plan → Act → Reflect → Wait states. During the Act state, 
role-permitted action pipelines are executed. Agent operations are governed by two modules: a Profiling module and a Memory 
module that separates short-term memory from long-term memory. 

evaluation. The inputs include a list of existing ideas, knowledge 
from long-term memory, and evaluation-related action plans stored 
in long-term memory. The outputs comprise the selection of which 
idea to evaluate. Based on these decisions, the agent evaluates the 
selected idea and outputs a summary assessment along with scores 
for each evaluation criterion. 
Feedback Pipeline. The Feedback pipeline enables AI agents to 
give feedback. First, through a pre-feedback prompt, the agent de-
termines to whom and how to provide feedback. The inputs include 
a list of existing ideas, relationship information with directly con-
nected team members, knowledge from long-term memory, and 
feedback-related action plans stored in long-term memory. The 
outputs comprise the selection of the feedback recipient. Based 
on these decisions, the agent generates appropriate feedback for 
the selected recipient. To ensure agents provide constructive and 
relevant feedback, we incorporated a taxonomy for design idea feed-
back [45] into the prompt to ensure the generation of contextually 
appropriate feedback. 
Feedback Response Pipeline. The Feedback Response pipeline 
enables AI agents to generate responses when receiving feedback. 
The prompt directs the agent to generate an appropriate response 

to the received feedback and includes a decision mechanism for 
determining whether to conclude the feedback session. This allows 
the agent to terminate the feedback exchange when it judges that 
further continuation is unnecessary. 
Request Pipeline. The Request pipeline enables AI agents to make 
requests. First, through a pre-request prompt, the agent determines 
to whom and what type of request to send. The inputs include a 
list of existing ideas, relationship information with directly con-
nected team members, knowledge from long-term memory, and 
request-related action plans stored in long-term memory. The out-
puts comprise the selection of the request recipient and the specific 
action to request. Based on these decisions, the agent generates an 
appropriate request for the selected recipient. 
Reflection Pipeline. The Reflection pipeline enables AI agents to 
update their memory based on past interactions. The agent per-
forms reflection on each evaluation received for its ideas or each 
feedback session it participates in. Based on these inputs, it (i) ex-
tracts new Design Knowledge and adds it to long-term memory, 
(ii) revises relevant Action Strategies (e.g., when/how to generate, 
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Table 3: Descriptive statistics of role-permitted actions in team-based ideation session: frequency and details of Idea Generation, 
Idea Evaluation, Feedback, and Requests by user and agents across three cycles. 

Role Metric Users Agents 

Cycle 1 Cycle 2 Cycle 3 Cycle 1 Cycle 2 Cycle 3 

Idea 
Generation 

Count (N) 2 3 2 149 143 152 
Per member (M±SD) 0.17±0.37 0.25±0.60 0.17±0.37 3.49±1.18 5.07±2.99 4.54±2.67 
Idea length (syll.) 69.50±3.50 79.67±73.07 117.50±62.50 157.39±81.74 176.17±75.84 168.67±82.36 

Idea 
Evaluation 

Count (N) 36 42 40 118 80 112 
Per member (M±SD) 4.00±2.87 4.20±2.23 4.00±2.14 2.73±1.16 3.20±1.34 3.62±2.06 
Comment length (syll.) 46.31±31.72 43.79±34.21 44.80±32.36 290.77±46.30 305.94±47.33 296.17±42.92 
rating: Novelty (M) 3.25 4.26 4.78 5.50 5.39 5.38 
rating: Completeness (M) 3.06 3.83 4.38 5.19 5.29 5.31 
rating: Quality (M) 3.06 4.07 4.38 5.40 5.42 5.42 

Feedback 

Session Count (N) 18 30 38 120 63 89 
Per member (M±SD) 1.50±1.38 2.50±1.71 3.17±2.27 2.73±1.16 2.10±1.28 2.07±1.47 
Message length (syll.) 42.92±29.37 32.42±23.84 36.57±23.39 75.21±30.14 75.48±34.12 74.69±32.11 
Turns (M±SD) 2.83±0.96 3.17±1.21 2.58±1.14 6.46±1.99 5.56±1.97 5.65±2.10 

Requests 

Count (N) 32 16 24 3 21 10 
Per member (M±SD) 2.67±2.17 1.33±1.43 2.00±2.00 0.12±0.32 0.91±1.50 0.38±0.79 
Message length (syll.) 36.69±25.10 30.88±19.58 27.83±13.59 161.33±11.03 189.48±24.96 181.10±20.62 
Type: Generation (N) 22 11 16 0 0 1 
Type: Evaluation (N) 7 3 5 0 9 3 
Type: Feedback (N) 3 2 3 3 12 6 

evaluate, or request), and (iii) updates Relationships with the mem-
bers involved. Upon completing reflection, the agent transitions to 
the Wait state. 

A.2 Technical Implementation 
CrafTeam is built using Next.js with TypeScript for both fron-
tend and backend development. We employ Upstash Redis as the 
database for storing user data and team configurations and lever-
age OpenAI’s gpt-4o-2024-08-06 model to power the entire system 
pipeline. For model parameters, we set the temperature to 0.5 for 

general system operations to ensure consistent responses, while 
increasing it to 0.8 for creative tasks, such as ideation, to encourage 
diverse idea generation. 

B User Study 

B.1 Detail of User Study Results 
Table 3 provides descriptive statistics on how often and in what 
patterns users and AI agents performed role-permitted actions in 
each cycle. 
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