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Abstract

The use of technology to support human creativ-
ity now extends to multi-agent systems (MAS),
in which multiple specialized agents contribute
distinct functions to a shared creative process.
MAS offer new possibilities for co-creation, yet
many current systems remain oriented toward au-
tonomous task execution, with humans positioned
as prompters or evaluators rather than active mem-
bers of the creative team. In this short position
paper, we argue that creative co-creation calls in-
stead for user-orchestrated Human–Multi-Agent
Teams (HMATs), teams in which humans partici-
pate alongside multiple agents while retaining the
ability to keep the team aligned with the evolving
purposes of the work. Drawing on our previous
empirical study of how design practitioners form
and operate such teams, we develop this position
and sketch a three-layer research agenda spanning
team formation, interaction design, and agent ca-
pabilities. More broadly, we suggest that progress
on user-orchestrated HMATs will require both
AI/ML research dedicated to these challenges and
sustained collaboration between the AI/ML and
HCI communities.

1. Introduction
Computational creativity has long explored how technology
can support and enhance the production of creative artifacts,
ideas, and performances (Colton et al., 2012; Frich et al.,
2021). A central focus within this tradition has been the
development of creative support tools (CSTs), which aid en-
gagement in inherently creative tasks (Shneiderman, 2002).
Recent advances in generative AI are now reshaping the role
and mode of CSTs by endowing AI systems with capabili-
ties for open-ended generation, natural-language interaction,
and contextual reasoning (Rezwana & Maher, 2023). These
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agents take on cognitively distinct roles that mirror the com-
plementary functions of real-world creative teams, ranging
from productive partners that generate content to reflective
guides that critique and steer (Xu et al., 2025; Khan et al.,
2025). The rise of such role-specialized agents is shifting
creative workflows from single-agent interaction toward
multi-agent systems (MAS), in which multiple agents con-
tribute distinct functions to a shared creative process. For
example, DesignGPT assigns product manager, design di-
rector, and CMF designer agents to different dimensions
of product design, enabling agents to contribute distinct
perspectives across the design process (Ding et al., 2023).
This configuration positions MAS as a new form of creative
support tool, an emerging paradigm spanning a growing
range of creative domains (Lin et al., 2025).

Despite the promise of generative AI-powered MAS for co-
creation, many current MAS implementations remain ori-
ented toward automation, distributing creative roles across
multiple agents while offering limited opportunities for sus-
tained human participation (Dahiya et al., 2023; Lin et al.,
2025). For example, prior work has raised concerns that
assigning idea generation roles to AI agents can introduce or
exacerbate design fixation, narrowing the solution space and
leading to less original outcomes (Wadinambiarachchi et al.,
2024; E et al., 2024). Moreover, delegating creative pro-
duction to agents may disrupt designers’ creative thinking
processes or undermine the development of their creative
capabilities (Shin et al., 2025). Together, these concerns
underscore that developing MAS for co-creation should be
approached with particular care to avoid inadvertently con-
straining users’ creativity and innovation. Despite growing
recognition of these risks, we still lack a clear understand-
ing of how MAS can be designed to harness the co-creative
potential of multiple agents while sustaining humans’ active
participation in the creative process.

In this position paper, we argue that creative co-creation
requires moving beyond fully autonomous Multi-Agent
Systems toward user-orchestrated Human–Multi-Agent
Teams (HMATs), a configuration we view as an under-
operationalized problem setting for ML research, where
the question is not whether agents can complete tasks au-
tonomously but how reliably they can be directed by a user,
retain that direction, and stay aligned with the user’s evolv-
ing creative intent over time. This problem setting has re-
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ceived limited attention in the ML literature, in part because
articulating it draws on a vantage that is more developed
in HCI, on how creative teams actually form and operate.
One contribution of this paper is to translate that vantage
into an agenda that the ML community can take up. We
offer this as a synthesis that recasts existing work around
an orchestrating user, grounded in an illustrative case study
rather than definitive evidence, and intended to open this
problem setting rather than to settle it.

This claim involves two reframings. First, MAS for co-
creation should not treat humans as external clients who
supply prompts and receive outputs, but should instead in-
corporate humans as members of the team itself (section 2).
Second, even within such teams, we suggest that creative
co-creation benefits from configurations in which the user
can act as an orchestrator, setting direction, allocating roles
among agents, and arbitrating among them over time (sec-
tion 3). Building on this, we sketch a three-layer agenda
spanning the team, interaction, and agent layers (section 4).
Finally, we outline open research directions for the AI/ML
communities (section 5).

2. From Multi-Agent System (MAS) to
Human–Multi-Agent Team (HMAT)

Multi-agent systems (MAS) consist of autonomous agents
that solve complex tasks by dividing them into smaller sub-
tasks, each assigned to a specialized agent (Rezaee & Abdol-
lahi, 2015; Dorri et al., 2018; Vig & Adams, 2006). Recent
advances in large language models have expanded these
possibilities, enabling agents to interpret context, generate
novel combinations, and coordinate through natural lan-
guage rather than predefined protocols (Guo et al., 2024;
Wang et al., 2024). Such capabilities allow agents to simu-
late group dynamics through negotiation, debate, and per-
spective synthesis.

These properties have made MAS particularly promising
for creative work, where problems and solutions often co-
evolve and decisions simultaneously affect multiple dimen-
sions, requiring diverse, specialized perspectives (Lin et al.,
2025; He et al., 2025; Wan & Kalman, 2025). Recent sys-
tems illustrate this approach across creative domains. De-
signGPT (Ding et al., 2023) assigns product manager and
CMF designer agents to different design dimensions, and
MARE (Jin et al., 2024) pairs stakeholder, modeler, and
checker agents for parallel dependency management.

While MAS shows potential to address the interdependent
constraints and iterative cycles of creative work, current
implementations have largely overlooked the critical role
of sustained human participation. Many studies center on
fully autonomous pipelines where humans supply an initial
prompt and receive a final output, limiting human involve-

ment to the bookends of the process rather than integrating
it throughout the co-evolutionary cycle (Dahiya et al., 2023;
Lin et al., 2025). This pattern proves fragile in creative
settings, where agents must navigate implicit values, con-
textual norms, and shifting constraints. Without sustained
human guidance, agents may drift from creative intent or
optimize toward misaligned objectives (Wang et al., 2024;
Li et al., 2023). Realizing the potential of MAS for creative
work, therefore, requires active human participation to guide
and coordinate agents throughout the process, not merely at
its boundaries.

We argue that addressing this gap requires a fundamental re-
framing. Rather than treating AI agents as tools that humans
direct from outside, MAS for creative work should be de-
signed so that humans and agents together constitute a team.
The HCI community has long studied this kind of arrange-
ment under the concept of Human-Agent Teams (HATs),
in which humans engage as active team members with au-
tonomous AI agents rather than as users of tools (Bansal
et al., 2019). Unlike the broader notion of human-AI col-
laboration, where humans issue commands and agents exe-
cute, HATs involve continuous negotiation, role flexibility,
and real-time coordination, with humans and agents mon-
itoring each other’s states and jointly determining action
paths (Jung et al., 2013; Kim et al., 2020; Zhang et al., 2021;
2023; Duan et al., 2024).

Applying this paradigm to MAS yields what we call
Human–Multi-Agent Teams (HMATs), defined as teams
with at least one human and two or more autonomous agents
pursuing shared goals (Lim et al., 2026; Yu et al., 2025;
Song et al., 2025; McNeese et al., 2018). Compared with
the dyadic HATs that have dominated prior work (Duan
et al., 2024; 2025; Walliser et al., 2019; Zhang et al., 2023),
HMATs introduce additional interdependencies, since team
members must coordinate tasks and integrate outputs across
multiple channels (Duan et al., 2025). In particular, inter-
agent interactions complicate team design by increasing the
risk of unexpected behavior and demanding careful coordi-
nation and clear functional boundaries among agents (Naik
et al., 2025). While HMATs have begun to attract atten-
tion (Dahiya et al., 2023; Iftikhar et al., 2024; Lin et al.,
2025), the question of how such teams should be designed
for creative work remains largely open. Establishing HMAT
as the right unit of analysis does not, by itself, answer this
question. Not all HMAT configurations are equally suited
to creative work, and identifying which configuration best
amplifies human creativity is the question we take up next.

3. HMAT Needs User Orchestration
The composition and structure of a team are widely recog-
nized as central determinants of whether collaborative work
succeeds, particularly in creative settings where outcomes
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depend on how diverse perspectives are integrated (Lappas
et al., 2009; Wi et al., 2009; Toh & Miller, 2016). Within
human-AI co-creation, prior work has begun to articulate
how such interaction should be designed, most notably
through frameworks such as COFI (Rezwana & Maher,
2023), which maps the space of interaction patterns between
a human and an AI partner. However, this line of work has
largely focused on dyadic, one-human-and-one-agent set-
tings, while the multi-agent condition that defines HMATs
remains comparatively underexplored. Understanding how
HMATs should be configured for co-creation therefore re-
quires empirical grounding in how such teams actually un-
fold in practice. Studies that give users genuine control over
HMAT formation, rather than fixing the team configura-
tion in advance or attending only to dyadic settings, remain
scarce. We therefore draw on our previous study in which
design practitioners iteratively configured and operated their
own HMATs across multiple ideation rounds (Lim et al.,
2026), and treat its findings as an illustrative case study
rather than as definitive evidence about HMAT design in
general.

3.1. Case Study: Understanding Human–Multi-Agent
Team Formation for Creative Work

Our prior work (Lim et al., 2026) examined which HMAT
formations design practitioners gravitate toward and how
those formations shape collaborative design work in prac-
tice. To do so, we introduced CrafTeam, a technology probe
that allows users to actively configure five dimensions of
team formation—team size, structure, role allocation, mem-
ber composition, and shared mental models. In a study
of 12 design practitioners working in design teams at IT
companies, each participant iterated through a cycle of team
formation, team ideation, and reflection on the collaboration
across three rounds.

According to the study, participants entered expecting to del-
egate substantial creative work to autonomous agents with
minimal human involvement. Most initially designed teams
had AI agents collectively perform both productive and re-
flective roles, with the user delegating the work rather than
taking part in it, and some explored configurations in which
an AI agent was placed at the top of a hierarchy to lead
the others. Across iterations, however, these autonomous
configurations produced breakdowns that participants traced
to a recurrent limitation. AI agents could readily generate
ideas and provide richly worded evaluations, but they did not
exercise the value judgments necessary for creative progress.
AI evaluators tended to rate nearly all ideas at similar, uni-
formly high levels, while human evaluators discriminated
more sharply between them. AI leaders, when assigned,
failed to assign tasks, set a clear direction, or commit to
creative choices, and inter-agent interactions tended to fall
into unproductive loops, circling around similar concepts

rather than making progress.

In response, participants reorganized their teams across cy-
cles. They progressively converged on a configuration in
which they themselves served as the team leader and directly
coordinated the agents, with a majority of teams across the
study adopting a single-tier hierarchy of this form. Partici-
pants took on roles that agents could not reliably perform,
particularly the reflective role of evaluating ideas, decid-
ing which to develop, and setting the direction for ideation.
They also specialized agents into narrower roles, such as
idea generation alone or feedback alone, rather than general-
ist roles, and diversified agent personas to broaden the scope
of contributions. As the study reports, users participated
in idea evaluation, feedback, and request roles consistently,
while taking on idea generation themselves in only a mi-
nority of teams, a participation pattern of a coordinator and
curator rather than that of a generator.

While this shift broke the unproductive loops, the study re-
ports that it also surfaced new challenges that the system was
not designed to address. Participants reported substantial
cognitive load from coordinating multiple agents in parallel,
since feedback and requests had to be tracked one at a time.
They voiced needs for team-level communication channels
through which they could direct multiple agents at once,
for mechanisms to monitor inter-agent interactions without
becoming overwhelmed (and questioned whether agent-to-
agent communication should mimic human dialogue at all),
and for approaches to team evolution distinct from those
used in human teams, since AI agents could be replaced
wholesale rather than gradually developed. Together, these
surfaced demands suggest that user-orchestrated HMATs are
not simply existing co-creation systems with the user nomi-
nally in charge. They require deliberate design at multiple
layers to be sustainable in practice.

3.2. Why User-Orchestrated HMATs Matter for
Co-Creation

This study surfaces user-led orchestration as a recurring or-
ganizational pattern in co-creative HMATs. We found that
users felt a need to be actively involved in the creative work,
and they stayed engaged throughout. Their involvement,
however, did not entail producing ideas themselves, and ac-
tive engagement was separate from idea generation. Instead,
they steered the team, setting the direction for ideation, de-
ciding which of the agents’ ideas to pursue, and redirecting
the agents whenever their exchanges began to circle. This
suggests a division of roles between humans and agents in
creative HMATs. Agents take on productive and reflective
roles, rapidly generating ideas and evaluating them from
multiple perspectives, while the human coordinates their
work at a meta level.

These findings identify user-orchestrated HMATs as an
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emerging configuration that warrants further study, a team in
which the human user, rather than an autonomous controller,
sets direction, coordinates the agents’ contributions, and ar-
bitrates among them as the work unfolds. User-orchestration
does not require the user to do everything. Agents may still
generate ideas, critique proposals, or take initiative within
their assigned roles. What distinguishes user-orchestration
is that the user keeps the team aligned with the work’s pur-
pose as that purpose itself evolves. We offer this not as
a settled answer but as a direction worth exploring, one
our study points toward without showing that it reliably
produces better creative work.

Recent work increasingly argues for keeping humans in an
orchestrating role over multi-agent systems, rather than ced-
ing direction to autonomous controllers. Some of this work
holds that collaboration is shifting from sequential delega-
tion, where users set goals and then review outputs, toward
concurrent co-creation in which the user stays in the loop
and keeps directing the work rather than handing it off (Son
et al., 2026). Concrete systems built around this idea have
also begun to appear. Tools like AgentCoord let users design
and revise agent coordination strategies rather than accept
an automatically generated one (Pan et al., 2025), while
interactive steering tools such as AGDebugger let users edit,
reset, and redirect agent teams to keep them on track (Epper-
son et al., 2025). Our own CrafTeam study echoes this, with
practitioners taking up the steering role once they found that
agents could neither discriminate sharply among ideas nor
direct one another without stalling.

There are reasons to think this configuration is particularly
suited to co-creation, even if it may not be the appropriate
orientation for every domain. What separates creative co-
creation from these neighboring settings is that the work is
widely characterized as wicked, with problems and solutions
developing together, criteria for success often shifting as
the work unfolds, and judgments about quality shaped by
the user’s evolving purpose and taste (Dorst, 2006). These
are exactly the kinds of judgments that human participants
bring more reliably than autonomous agents, particularly
when agents operate without sustained context about the
user’s intent. This is precisely the gap practitioners of our
previous study stepped in to fill.

However, user-orchestrated HMATs create demands of their
own, since such teams work well only when they are care-
fully designed. Schömbs et al. identify orchestration and
conflict resolution as central HCI challenges in interactive
multi-agentic systems and call for user-centered design of
how people direct such teams (Schömbs et al., 2026). In
CrafTeam, designing a user-orchestrated team meant attend-
ing not only to team composition but also to interactions
suited to the user’s coordinating role and to agents special-
ized to support that role. Putting the user in the orches-

trator’s seat thus raises deeper questions about how teams
should be formed, how humans and agents should interact,
and what agents must be capable of. We take up each of
these in turn.

4. A Three-Layer Agenda for
User-Orchestrated HMATs

Building on this case study and the literature reviewed
above, we argue that user orchestration emerged repeat-
edly in our observations of co-creative multi-agent systems
and therefore represents an important research direction. Ex-
isting frameworks for co-creation system design map rich
design spaces but were not built around an orchestrating
user. COFI, for instance, characterizes the interaction design
space for a single human working with a single co-creative
agent (Rezwana & Maher, 2023), while recent work extends
the lens to HMAT design more broadly (Dahiya et al., 2023).
Neither, however, addresses how such a design space should
shift once the human acts as the team’s orchestrator rather
than as a prompter or evaluator of its output. To clarify
what such a shift requires, we organize our proposed agenda
along three layers. The team layer concerns how HMATs
are composed and structured; the interaction layer concerns
how humans and agents communicate and coordinate during
creative work; and the agent layer concerns what individ-
ual agents must be able to do to support user-orchestration.
Progress at each layer constrains what is achievable at the
others, and we therefore see them as a coordinated agenda
rather than a list of independent topics.

4.1. Team Layer

Building user-orchestrated HMATs begins with team forma-
tion. Existing work has mapped dimensions such as team
size and composition (Dahiya et al., 2023; Yu et al., 2025),
but user-orchestration imposes a constraint that spans all
of them. Regardless of its size, structure, or composition,
the team must remain within a single human’s capacity to
direct. This shapes the team’s size, composition, and role
allocation.

Team size and structure are limited by the amount of co-
ordination the user can manage, as the orchestration load
grows with the number of agents. In CrafTeam, participants
reduced the number of agents and converged on single-tier
teams they directed themselves, rather than the autonomous,
agent-led arrangements they began with. Shrinking the team
too far, however, risks losing the diversity of perspectives
that creative work benefits from. Persona or role diversity
among agents can surface perspectives the user would not
have reached alone, but it can also fragment the team’s
voice into inconsistent or competing directions (Wadinam-
biarachchi et al., 2024; Shin et al., 2025). Since the user
must arbitrate among these contributions, greater diversity
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broadens exploration while adding to what the user must
integrate. How to optimize team size, structure, and com-
position to keep the team manageable for one user without
sacrificing this range remains to be worked out.

Roles must also be divided between the user and the agents,
a question of how much of the creative work to automate and
how much to leave within the human’s domain. Which parts
of the creative work stay with the user, especially those
that turn on human judgment, and which pass to agents,
whether roles hold fixed or shift as the work evolves, and
whether the user or the system sets them, each place different
demands on the user. This calls for understanding the nature
of creative collaboration and the tasks it involves, and how
to distribute those tasks across the team, which rests on
understanding what agents and humans are each capable of.
One direction is to let the user design and adjust the whole
arrangement, which maximizes control but adds the burden
of setup to the creative work itself. Yet user-orchestration
asks the user to direct the work, not to hand-tune every
parameter of the team. A more promising path is therefore to
let parts of team formation be set or adjusted automatically,
within limits fixed by the user’s orchestration capacity, so
the user can shape the team without being consumed by it.

4.2. Interaction Layer

Team formation specifies who is on the team, but whether
user-orchestration holds up in practice depends on how that
team interacts during the work. Existing frameworks for
human-AI co-creation have mapped a rich space of interac-
tion patterns between a user and an AI partner during the
creative task itself. User-orchestrated HMATs introduce a
distinct concern that this work does not yet address. Beyond
interacting with agents on the creative task, the user must
also coordinate and manage the team itself, a form of inter-
action distinct from co-creation and a rising challenge in its
own right (Schömbs et al., 2026).

Once the user is positioned as orchestrator, the interaction
layer faces new demands, beginning with how the user
works with each agent on its own. The modalities through
which the user and an agent share creative artifacts must let
the user oversee, intervene in, and refine intermediate states,
not only finished outputs. Because the user is managing the
agent itself, not only its output, the interaction must also
make the agent’s ongoing activity legible so the user can
follow and steer its work. The communication channels
between the user and each agent must in turn support fine-
grained direction-setting and feedback throughout the work,
beyond initial commands and final acceptance. Prior work
that asks when a user should hand a task off to an agent and
when they should work alongside it suggests a further need
for interaction that lets the user shift between the two as the
work unfolds, rather than commit to one at the start (Son

et al., 2026). What primitives would make these shifts fluid
and let the user re-engage with an agent mid-task without
disruption remain largely unexplored.

Because the user now oversees several agents at once, the
interaction must let them track each one without becoming
overwhelmed, through mechanisms such as activity sum-
maries, state indicators, and lightweight ways to redirect a
single agent without disrupting the rest. Recent observations
of users with multi-agent teams sharpen these demands (Lim
et al., 2026). Users found one-on-one exchanges with each
agent insufficient and wanted team-level channels to direct
multiple agents or convene them at once. They also found
inter-agent dialogue rendered in natural language noisy and
costly to follow, and questioned whether agent-to-agent
communication needs resemble human conversation at all.
Together, these point to interaction primitives that move be-
yond user-and-AI dialogue toward one-to-many team man-
agement and expose inter-agent activity at an abstraction the
user can act on, rather than as raw transcript. Investigating
such primitives, especially through longitudinal study of
how users orchestrate teams over time, is an open agenda
for HCI and AI/ML alike, the latter calling for agents that
can surface this state directly.

4.3. Agent Layer

In a user-orchestrated HMAT, where the agents carry out the
productive work and the user coordinates it, the capabilities
of those agents matter all the more. Without complemen-
tary design at the agent level, this coordination burden can
become unmanageable, and the agents’ own contributions
to the creative process can go underused. Sustaining the
interactions described above thus asks agents to be special-
ized beyond the ability to perform a particular creative task,
toward the role they play as members of a human-led team.

Agents in user-orchestrated HMATs should be specialized
not only by role within the creative task, but also for be-
ing orchestrated by a human leader rather than running
autonomously. This calls for examining what an agent must
be able to do in a team context, beginning with how steer-
able it is by the user. Steerability covers how fully an agent
can apply the user’s requirements and feedback to the task,
and how well it can infer the user’s implicit intent, the latter
of which relates to prior work on theory of mind. It is also
supported by agents that surface their reasoning for the user
to inspect, that explicitly seek direction at decision points,
and that defer when a proposed action falls outside the user’s
stated intent.

Agents also need forms of memory that let them carry con-
text forward throughout the work, so the user is not forced
to reissue it or repeatedly correct the same misalignment.
Empirical observations of multi-agent teams sharpen this
requirement from the user’s perspective (Lim et al., 2026).
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Practitioners with prior team experience tended to expect
AI teammates to grow in capability over time, as human
members do, but found this kind of growth ineffective with
current agents and instead resorted to wholesale replace-
ment of underperforming ones. Prior work on generative
agents has shown how memory streams, reflection, and plan-
ning can support behavioral continuity over time (Park et al.,
2023). In user-orchestrated HMATs, however, what must
persist is not only such continuity but the user’s stated direc-
tion, the roles they assigned, and the orchestration decisions
made along the way. What matters, then, is not how much
an agent remembers but how well it captures and retains the
user’s intent. Beyond the individual agent, the team may
also need shared memory through which agents hold com-
mon information about the user, connecting to prior work
on shared mental models.

Taken together, these observations sharpen the meaning of
designing agents for HMATs. The value of an HMAT to
the user depends less on raw single-turn capability than on
something current agent regimes are not yet centered on,
namely an agent’s capacity to be directed, to retain that
direction, and to remain consistent with a particular user’s
evolving intent over the course of a creative collaboration.
We treat this as a capability requirement at the agent layer,
and turn in Section 5.1 to what its pursuit implies for AI/ML
research. For ML, this shifts evaluation from single-agent
response quality toward role-consistent, user-steerable be-
havior across multi-agent sessions.

5. Implications and Future Directions
Co-creation in an HMAT shifts the human’s role from pro-
ducing directly to orchestrating multiple agents, a role that
cannot pass to the agents themselves, since the judgments
creative work turns on, about purpose, value, and direction,
are not adequately substituted by autonomous coordination
among them. Recognizing this, we have argued that cre-
ative HMATs should be user-orchestrated, with the human
user remaining the one who keeps the team aligned with
the evolving purposes of the work. Realizing such teams
requires designing the team, interaction, and agent layers
together. HCI research has begun to explore how such teams
form and how users should interact with them, while the
agents this calls for, built specifically to be orchestrated by
a human, fall largely to AI/ML research. We take up this
agent layer, setting out concrete directions for the AI/ML
research it requires, including what a benchmark for user-
orchestrated HMATs would need to capture. We further
argue that sustained exchange between the HCI and AI/ML
communities will be necessary to advance this agenda.

5.1. Future Directions for AI/ML Research

Meeting the requirements set out at the agent layer would
shift the emphasis of AI/ML research. Where much exist-
ing work has concentrated on building multi-agent systems
and measuring their performance under autonomous task
framings, user-orchestrated HMATs call for agents designed
expressly for close, sustained interaction with a human in
the loop, and for evaluation protocols that can distinguish
such agents from their autonomously framed counterparts.

What matters here is not only an agent’s task performance
but its steerability, how well its behavior aligns with the
user’s direction over sustained interaction. Prior research
has proposed a range of such measures, from how often a
user must correct an agent (Chang et al., 2026; Yan et al.,
2025; Kosinski, 2024) to whether it holds to stated con-
straints rather than drifting to defaults (Kwan et al., 2024).
These measures, however, were designed for a single agent
at a time, and the multi-agent benchmarks that might extend
them, such as MultiAgentBench (Zhu et al., 2025), still treat
the human as an external task-setter rather than as an orches-
trator within the team, scoring the team’s output instead of
how readily a user can steer it. Closing that gap means first
separating an individual agent’s steerability from the team’s,
then measuring the latter in its own right. That calls for
benchmarks built around an orchestrating user, ones that fix
the user’s stated direction and constraints across a sustained,
multi-turn exchange and track both how faithfully the team
preserves them and how little intervention this demands
of the user. Yet even agents that are individually steerable
leave the user coordinating the whole team, which points to
a different kind of agent worth exploring, a manager agent
that sits between the user and the rest of the team and takes
on part of the orchestration load.

Recent work has begun to formalize this idea as an au-
tonomous manager that decomposes goals, allocates tasks
across human and AI workers, and adapts the workflow
on the user’s behalf (Masters et al., 2025). For user-
orchestrated co-creation, however, the more pressing di-
rection is a manager agent that supports the orchestrating
user rather than substituting for them. Rather than con-
tributing to the creative work itself, it would absorb the
mechanical coordination of several parallel agents and re-
port back, leaving the user the directional judgments about
purpose, value, and which contributions to pursue. Early sys-
tems that consolidate low-level agent activity into high-level
summaries for human supervision point this way (Zhou,
2025), but the support-oriented manager agent remains un-
derexplored. What needs careful consideration is not the
manager’s coordination ability but where it draws the line
between what it resolves on its own and what it escalates to
the user. That line cannot be fixed in advance, since which
decisions are mechanical and which are directional shift as
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the work unfolds. A manager that leans too far toward au-
tonomy reclaims the judgments meant to stay with the user,
while one that escalates everything offloads nothing. The
boundary itself is what to specify and measure, through how
much load it lifts from the user, how rarely it oversteps into
the user’s judgments, and whether their direction survives
the relay to the agents below.

Keeping a team aligned with the user’s direction across
sessions, not only within one, calls for long-term memory
architectures that let agents act as continuing team members
rather than stateless tools (Packer et al., 2024). Such mem-
ory cannot be a single per-agent buffer. What an agent must
keep is not the whole of an interaction but the parts that
carry the user’s intent and direction. The design target is
therefore what an agent retains, not how much it can store. A
benchmark would test, after a sustained exchange, whether
an agent has kept the right things and can act on them later
without the user restating them. Beyond a single agent’s
memory, the team itself raises a distinct problem. The user’s
stated direction and the orchestration decisions made so
far must be held in common, while task detail can stay lo-
cal to each agent, a familiar distinction in studies of group
memory (Wegner, 1987). Recent work frames multi-agent
memory as shared versus distributed stores (Yu et al., 2026),
but does not center the orchestrating user. The call, then, is
for multi-agent memory designed for user-orchestration, a
shared store that captures the user’s direction and orches-
tration decisions and stays under their control. Its success
would be measured by whether a team holds to that direction
across sessions without re-instruction.

These directions also change how agents should be trained,
not only how they are judged. Standard instruction-tuning
and RLHF reward a good single response to a prompt (Kwan
et al., 2024), which casts the user as a prompter rather than
a participant, the very framing user-orchestration sets aside.
An orchestrating user instead sets a direction and keeps
revising it as the work unfolds. Success then shows up
only across a whole session, in whether a team stays on
that direction and how seldom the user has to step in to
correct it. A training signal for this setting therefore has to
span a full multi-turn, multi-agent session and be measured
against the user’s evolving direction, not a single response
to a fixed prompt. That calls for datasets that barely exist
today, recorded sessions in which the user’s direction and
the moments they had to intervene are annotated. We see
building these signals and the datasets they need as one of
the most concrete near-term contributions ML research can
make to user-orchestrated HMATs.

5.2. Integrating HCI and AI/ML Perspectives

Translating this orientation into concrete systems, however,
is a problem that no single research community is currently

positioned to fully address. HCI research on human-AI
co-creation has produced rich accounts of how interaction
with AI partners unfolds, but has focused predominantly
on dyadic, one-human-and-one-agent settings (Rezwana &
Maher, 2023). AI/ML research on multi-agent systems, con-
versely, has largely been organized around task completion
rather than around supporting an orchestrating human (Lin
et al., 2025; Dahiya et al., 2023). The space we have out-
lined in this paper, where humans coordinate multiple agents
within a creative team, sits between these efforts and de-
pends on insights from both.

The three-layer agenda is meant to make this collaboration
concrete rather than aspirational. The pattern is that what
HCI articulates at the team and interaction layers becomes
a functional requirement for what AI/ML must build at the
agent layer. The team-level channels users asked for in our
study, and their difficulty following inter-agent dialogue as
raw transcript, become a requirement on the agents them-
selves, that they surface their activity in a form the user can
act on and take direction aimed at the team rather than one
channel at a time. AI/ML work runs in the other direction
as well, fixing what is feasible at the agent layer and so
bounding which team and interaction designs are realistic
to pursue. We see progress on user-orchestrated HMATs
coming most directly from research that moves between
these directions rather than within one.

6. Conclusion
Multi-agent systems have become an increasingly impor-
tant frame for creative co-creation, but their dominant au-
tonomous orientation risks displacing the human judgments
on which creative work most depends. In this paper, we have
argued instead for approaching creative co-creation through
user-orchestrated Human–Multi-Agent Teams, in which hu-
mans participate alongside multiple agents as team members
and remain the ones who set direction, coordinate agent con-
tributions, and arbitrate creative decisions as the work’s
purpose itself evolves. In these teams, the user’s role shifts
from directly producing the work to making higher-level
creative decisions and coordinating the team. Building on
this, we developed a three-layer research agenda spanning
team formation, interaction design, and agent capabilities.
Pursuing this agenda will require sustained collaboration
between HCI and AI/ML research, with HCI articulating
what user-orchestration concretely requires of teams and in-
teractions, and AI/ML delivering agents that can be directed,
can retain that direction, and can remain aligned with a par-
ticular user’s evolving creative intent over time. We offer
this agenda as a starting point for multi-agent co-creation
systems that leverage AI agents in service of human creative
agency rather than at its expense.
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