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Figure 1: Two tasks (A, B) with three robots: a robotic arm (green), a robot dog (orange), and a drone (blue). The red box indicates
the transported object. In A, food is retrieved from outside and delivered indoors. In B, a book is transported from a table to a
second-floor bookshelf. C shows the planner interface, including robot types, task allocation, and real-time execution status.

Abstract
LLM-based multi-robot systems (MRS) can take a user’s high-level
goal and generate coordinated robot actions for spatial tasks. How-
ever, human-in-the-loop is still needed when the system benefits
from humans providing clarifications or preferences, especially in
settings where full autonomy is not yet reliable and the environ-
ment is highly uncertain. Motivated by this gap, we conducted a
qualitative study (N = 12) in a VR-based multi-robot simulation
environment to examine how users construct prompts for MRS and
what challenges they perceive during task decomposition, alloca-
tion, and execution. Results show that users use prompts to specify
robot roles, order, and end goals, and re-prompt when results are
inefficient, or execution is not observable. We also found that gaps
in workflow visibility, interface support, and coordination logic hin-
der users’ understanding and their ability to intervene. We provide
design implications for human-in-the-loop interfaces and prompt
support in LLM-based MRS.
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1 Introduction
A multi-robot collaborative system consists of two or more robots
that work together to assist users in completing tasks [8, 28]. Un-
like traditional single-robot systems, MRS offers advantages such
as distributed perception, parallel execution, and coordinated co-
operation. These systems have therefore been widely studied for
solving complex tasks [17]. They have shown superior perfor-
mance over single robot solutions in domains including navigation,
object manipulation, exploration, search and rescue, and educa-
tion [6, 7, 26, 32]. However, MRS still faces challenges in correctly
decomposing user instructions into subtasks and assigning them
to suitable robots [11, 12]. The rapid advancement of large lan-
guage models (LLMs) provides a promising avenue for addressing
this problem. LLMs possess rich world knowledge and strong ca-
pabilities in complex reasoning and natural language understand-
ing [30, 36]. Systems such as COHERENT [18] demonstrate that
LLMs can interpret users’ natural language instructions, decom-
pose them into subtasks, allocate responsibilities among hetero-
geneous robots, and dynamically adjust plans based on feedback.
This reduces the barrier to interaction and operation. Despite these
advances, deploying LLM-based MRS in real-world spatial tasks
still involves interaction challenges underexplored. Much of the
existing work focuses on system-level coordination and perfor-
mance [16, 22, 31], human involvement is often limited to goal
specification and outcome review [34]. Although involving humans
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may slow MRS due to extra communication overhead [27], keeping
people in the loop can expand task scope without full autonomy,
complement robot capabilities, increase control and help the sys-
tem adapt to uncertain, changing environments [5]. Specifically,
physical actions are constrained by three-dimensional geometry
and embodied motion, and real-world environments are often only
partially observable. As a result, planning frequently relies on as-
sumptions that cannot be fully verified in advance. Additionally,
robots operating in parallel share space and resources, which can
lead to conflicts and interdependencies. These situations often re-
quire users to make preference-based decisions and risk trade-offs.
These characteristics motivate us to examine LLM-based MRS from
a human perspective and ask: (RQ1) How should prompts be
constructed for LLM-based MRS applied to spatial tasks?
(RQ2) What challenges do users face when interacting with
LLM-based MRS?

To address these research questions, we conducted an exploratory
user study using a VR-simulated MRS as the research platform [18].
This simulation provided participants with a concrete interactive
context in which they could experience LLM-based multi-robot
task planning, allowing us to observe how participants constructed
and revised prompts during their interactions with the system. In
the study, participants completed spatial tasks by issuing natural
language instructions in a scenario involving three collaborating
robots. Semi-structured interviews were conducted after the task
was completed. The main contributions of this work are three-
fold: (1) We provide empirical insights into how users construct
prompts to guide LLM-based MRS in spatial tasks; (2) We iden-
tify user-centered interaction challenges that influence how users
remain human in the loop during task decomposition, allocation,
and execution; (3) We discuss design implications to better support
human-in-the-loop with MRS.

2 Methods
To investigate how users construct prompts for LLM-based MRS
applied in spatial tasks and the challenges they encounter when
interacting with MRS, we conducted task-based user studies in a
VR simulation, analyzed semi-structured interviews using thematic
analysis, and derived design implications addressing our RQs.

2.1 Participants and Setting
The study was approved by the university’s ethics review board.
Twelve participants (aged 22–32, 𝑀 = 25.25, 𝑆𝐷 = 2.89) were re-
cruited via internal university mailing lists and received gift cards
as compensation. Participants varied in their familiarity with AI
tools (2 high, 4 moderate, 6 low) and MRS (3 none, 3 basic, 6 high).

2.2 Multi-Robot System
We used a VR-based multi-robot simulation testbed to study how
users prompt and intervene in an LLM-based MRS. We built the
VR simulation in Unreal Engine 5 and ran it on Oculus Quest 3S
headsets. As shown in Fig 1, the system consists of an interaction
interface (Fig. 1C) and virtual scenes (Fig. 1A, Fig. 1B). In the virtual
scenes, we constructed a cabin environment and deployed a 6 DoF
robotic arm, a quadruped robot dog, and a quadrotor drone, both in-
side and outside the cabin. The robotic arm handles object-grasping

tasks, the quadruped robot dog handles ground transportation tasks,
and the quadrotor drone handles aerial transportation tasks. The
interaction interface serves as the entry point to the task planner.
Users initiate the task planner by issuing natural language instruc-
tions and use this interface to monitor which robots are currently
executing tasks, the subtasks generated by the task planner, and the
system’s real-time operational status. The Task Planner coordinates
task decomposition and allocation to enable efficient multi-robot
collaboration within each robot’s capabilities. Upon receiving a user
instruction, it interprets user intent, identifies target objects, and
broadcasts relevant information to robots’ environment sensing
modules for object detection. Each robot includes a task module,
an environment sensing module, a feedback module, and a switch
module. Following a standard MRS workflow [27], tasks are de-
composed into subtasks and dynamically allocated based on robots’
states and environmental perception. Robots execute assigned tasks
using a [target, path] specification, while continuously reporting
execution status. The LLM centrally controls task planning, switch-
ing, and coordination, while perception runs locally on each robot.
Based on real-time feedback, the Task Planner adjusts execution
order and assignments to improve robustness and efficiency, and
returns planning results to the interface for visualization.

2.3 Task Design
The purpose of the tasks was to explore users’ interaction needs
with MRS in the context of problem solving [15]. The task design
was informed by benchmark tasks used in prior work on LLM-based
MRS [3, 9, 22, 33, 37], with object manipulation and retrieval serv-
ing as the core task paradigm and spanning multiple application
domains. In addition, the task design explicitly considered the im-
pact of spatial visibility on user interaction experience [25]. Based
on these considerations, we designed two experimental scenarios
with distinct task themes: food retrieval (task 1, as shown in Fig. 1
A) and book placement (task 2, as shown in Fig. 1 B). In the task
1 scenario, participants were asked to issue a command with the
general intent of "finding food outdoors." In the task 2 scenario, par-
ticipants were asked to issue a command related to "placing books
near the bookshelf on the second floor," with the specific wording
of the command determined by the participant. Prior work has
demonstrated that visibility can have potential impacts on users’
task execution [14, 25]. To account for the impact of this factor,
in terms of spatial visibility, the multi-robot collaboration process
was not visible to participants in task 1, whereas in task 2, the
collaboration process was fully visible throughout task execution.

2.4 Study Procedure
The study lasted approximately 70 minutes. Participants first com-
pleted informed consent and a demographic questionnaire. They
then underwent a brief training session in VR, during which the
researcher introduced the three heterogeneous robots (a quadrotor
drone, a quadruped robot dog, and a robotic arm), their capabilities,
and the voice-based interaction method. Participants were allowed
to phrase commands freely within the task intent. Participants sub-
sequently completed two tasks with different spatial visualization
conditions. They were guided to familiarize themselves with the
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interface and instructed to carefully observe the task execution pro-
cess. After a short break, participants performed the formal tasks
in a counterbalanced order, issuing instructions to control the sys-
tem for object retrieval and placement. The researcher monitored
the sessions, recorded participants’ real-time reactions and verbal
comments, and provided operational assistance without offering
guidance. Following task completion, participants took a short rest
and then participated in a 30-minute semi-structured interview fo-
cusing on overall experience, prompt construction in spatial tasks,
and perceived system challenges and design implications.

3 Results
We analyzed the semi-structured interview data using thematic
analysis [1, 24] to address RQs. The first author familiar with the
interview transcripts, generated and refined initial codes. All au-
thors then organized codes into candidate themes, reviewed and
revised them for coherence and distinctness, and collaboratively
defined and named the final themes. Finally, all authors structured
the reporting and writing of the qualitative findings.

3.1 (RQ1) How Should Prompts be Constructed
for LLM-based Multi-Robot System

3.1.1 How to create prompt. Participants reported that effective
prompt construction required an understanding of individual robot
capabilities and inter-robot interactions. As P9 noted, “Its inher-
ent functionality, what they are capable of doing, provided me with
ideas for constructing instruction.” “Robot’s action-related informa-
tion helps me form expectations and make predictions” (P11). When
task allocation aligned with robot capabilities, system decisions
were perceived as more natural and reasonable, forming the basis
for prompt construction; for example, “Using the drone made a lot of
sense to me, because both of these tasks involve height” (P10). Partici-
pants further described prompt refinement as a primary strategy
for iteration and replanning, such as “making the command more
detailed” (P5), explicitly assigning tasks to particular robots (e.g.,
“Can the drone bring something to eat from outside?” (P11)), “Re-
design the first prompt to be more structured and step by step” (P3),
and clearly defining expected outcomes. Without such clarifica-
tion, vague prompts sometimes led to results that conflicted with
participants’ expectations (P9).

3.1.2 When users (re)prompt. Participants expressed a desire to
intervene through prompting in several situations to alter system
behavior. First, when the results did not meet expectations or when
task execution was inefficient, participants wanted to re-run or
adjust the system via prompts. As P5 noted, “The results are slow,
or the results are incorrect,” while P7 stated, “When the requested
objective is not met or is met but with a visible lack of efficiency.” Sec-
ond, when participants felt confused about the system’s results or
execution process, they hoped to use prompts to better understand
the underlying reasons for the system’s behavior. As P3 explained,
“Revising the first prompt is most valuable when I cannot observe or
understand the full execution pipeline of the robot system.” Finally,
when aiming for better overall system performance, participants
wanted to refine prompts to improve outcomes. P9 mentioned this
motivation occurring “after several successful task executions.”

3.2 (RQ2) What Challenges do Users Face When
Interacting with LLM-based Multi-Robot
System

3.2.1 Lack of Decision Transparency and Task Execution Visibility
Undermines User Understanding and Confidence. During system use,
participants reported insufficient visual cues to support decision
making and task execution. The system did not adequately convey
robots’ identities, spatial locations, or collaboration processes, lead-
ing to uncertainty and reduced trust. As P12 noted, “I don’t know
exactly where the handoff between them happens.” Limited execution
feedback and the absence of real-time progress indicators further
hindered participants’ understanding of system status. P4 stated,
“when I see the robots, I only get textual prompts, which doesn’t allow
me to intuitively grasp the current progress.” To improve decision
transparency, participants suggested interactive confirmation and
feedback mechanisms, such as restating planned actions before
execution, for instance, “there needs to be a feedback mechanism to
confirm that what I wanted it to do has already been done” (P2), as
well as providing explanations of the system’s reasoning process.
P8 stated, “make it more concrete, such as showing its thinking pro-
cess.” To enhance execution visibility, participants proposed richer
visualizations, including 3D overview thumbnails for global aware-
ness, such as “adding a top-down projection on the side so you can see
how each robot moves” (P8), and first-person views from individual
robots to better convey ongoing actions, as P3 explained, “the panel
could show each robot’s real-time viewpoint.”

3.2.2 Mismatch Between Textual Information and Spatial Context
Increases Cognitive Load. At the interaction level, the current sys-
tem design required participants to constantly divide their attention,
thereby increasing cognitive load. First, purely text-based interac-
tion elements resulted in high information density and cognitive
overload. P3 noted that “there are too many elements, and the infor-
mation density is quite high.” Second, the placement and presenta-
tion of information panels demanded frequent attention shifts. As
P12 observed, “the panel blocks the robots, and I have to glance at
it repeatedly, which makes it hard to see the overall robot operation.”
As a result, participants had to distribute their attention between
the panel and the spatial task environment, making it difficult to
maintain focus. In response to this challenge, participants proposed
several design improvements. They expressed a desire for spatial
visualizations that embed system information, robot representa-
tions, and movement trajectories directly into the environment
using highlighting or see-through effects. P4 suggested, “if the route
could be displayed directly in the scene rather than confined to a
small panel, it would be more intuitive.” Participants also suggested
anchoring task and status information directly to specific robots
through spatial visualization; for example, “the text could be directly
anchored to the specific robot” (P8).

3.2.3 Limited Flexibility in Task Allocation and Collaboration Logic.
Participants identified several challenges related to task planning
and inter-robot collaboration logic. One major issue was that task
allocation often did not align with users’ expectations of optimality.
Specifically, participants felt that task assignments did not reflect
what they perceived as the most efficient solution. In Task 2, P9
commented, “the drone could probably do the whole thing—it could
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just pick it up from the table and deliver it directly.” Rather than
prioritizing optimal paths or minimal completion time, the system
appeared to favor showcasing multi-robot collaboration. As a result,
many participants felt the collaboration strategy lacked flexibility.
Specifically, the system failed to dynamically adjust the number
of robots involved based on task characteristics and difficulty. P11
remarked, “the steps waste resources—something that could clearly
be done by one robot is unnecessarily split into three, which makes
the system feel rigid.” To address this issue, participants proposed
several design directions. First, task allocation should be grounded
in robot capabilities and shortest path principles, with efficiency
and effectiveness as primary goals. This includes dynamically ad-
justing the number of participating robots based on task complexity
and each robot’s strengths, leading to collaboration that is both
reasonable and efficient. As P10 stated, “task allocation should be
designed around dynamic adjustment of the number of robots.” P4
similarly noted the importance of “leveraging each robot’s strengths
and having them support each other within a task to achieve the goal.”
Second, collaboration logic should be better aligned with robots’
actual action capabilities. P4 emphasized, “collaborative task assign-
ment should be linked more closely to what robots can actually do in
practice.” Similar sentiments were echoed by others: “couldn’t the
drone just handle everything?” (P10).

4 Discussion
4.1 Design Implications
Our study reveals key practices in prompt construction and inter-
action challenges for LLM-based MRS. Based on these insights, we
propose three design implications to better support human-in-the-
loop interaction in LLM-based MRS.

4.1.1 Designing Prompts by Integrating Task and Robot Informa-
tion through Prompt Scaffolding. As shown in section 3.1.1, when
vague instructions are problematic, users must tailor prompts to
robot capabilities and execution details. Many users refine vague
prompts into specific instructions. Prompt engineering spans fea-
tures, knowledge, reasoning, planning, and reliability [19], but
incorporating comprehensive information into one input is dif-
ficult. We suggest prompt scaffolding, which guides complex rea-
soning [29] by breaking tasks into a series of related prompts that
build on each other. Instead of one-off prompts, the process begins
with the overall goal, then decomposes it into subgoals as the task
progresses, with prompt content revealed step by step according to
the user’s state and prompt completeness. Early stages focus on out-
comes; later prompts include robot capabilities, their relationship to
task requirements, and execution-level details like actions and col-
laboration logic. This structure helps users revise prompts and sup-
ports efficient, accurate instructions in real-timeMRS. Prompt infor-
mation is presented as system-feasible and system-recommended
prompts [21]. As discussed in section 3.2.3, the timing at which
prompts are presented and the content they convey remain crit-
ical within a prompt scaffolding framework. While step-by-step
prompts are designed under the prompt scaffolding structure, it is
also necessary to carefully determine when each prompt should
appear and ensure that the content follows the principles of the
shortest path and optimal robot selection to meet user expectations.

4.1.2 Make the system’s current planning objective explicit and al-
low users to switch or trade off objectives. As shown in section 3.1.2,
prompt input quality depends on user expertise and state, with ex-
perts and alert users producing better prompts [10, 23]. Therefore,
prompt guidance should adapt dynamically to each user’s skills and
current condition. Inspired by proactive agent [20, 35], we propose a
prompt-guidance agent (PGA) that detects user state and expertise,
adjusting its support accordingly. When prompts are strong, the
robot encourages independence; when quality is low or the user is
idle, it offers detailed feedback or visual cues to re-engage the user.
At the same time, informed by the insights from section 3.2.3, the
PGA can generate multiple prompts hint-based on different goals
and allow users to switch between or trade off among these goals,
such as prioritizing the fastest completion, minimizing the number
of robots used, selecting the safest path, enabling energy-saving
modes, or choosing other alternative strategies. This adaptive ap-
proach ensures efficient, accurate control and improves system
usability for all users.

4.1.3 Build spatial visual interfaces that integrate both global and
detailed information to enhance decision transparency and execu-
tion visibility. As shown in sections 3.2.1 and 3.2.2, the qualitative
study revealed key challenges: lack of transparency in decision-
making, limited execution visibility, and mismatch between text
and spatial information, which increase cognitive load and reduce
user confidence. To address this, users suggested using inherently
spatial visualizations—rather than traditional 2D methods—to im-
prove transparency and visibility [2, 4, 13]. Our approach focuses
on spatial and temporal visualization. Spatial visualization links
information directly to specific robots and their tasks, letting users
see robot capabilities and interactions within the environment. Path
visualization and dialog boxes clarify coordination and show cur-
rent and future movements. To reduce cognitive load, a 3D mini
map summarizes room layout, robot positions, and movements,
especially when information is spread out. Temporal visualization
adds a timeline, allowing users to review system states and robot
actions over time, with highlights for parallel execution. Together,
these visualizations improve user understanding and system trans-
parency.

5 Conclusion & Future Work
We conducted an empirical study using a VR-based simulated MRS
to investigate how users prompt LLM-based multi-robot systems
and the challenges they encounter. Findings show that users ground
prompts in robot capabilities and execution details, with prompting
serving as the primarymechanism for control and replanning, while
current systems lack decision transparency and execution visibility.
We derive design implications, including spatialized information
visualization and integrated prompt guidance, to support more
transparent and user-centeredMRS interaction. Although limited by
a small sample size, restricted tasks, and a simulated environment,
this exploratory study provides actionable insights, which future
work will extend to real-world scenarios and AR-based multi-robot
interfaces.
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