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Proactive collaboration via autonomous
interaction

Peiyan Li 1,4, Shuyuan Zhang 1,4, Wenju Yang 2,4, Yitong Hu 2,
Yuhang Wang 2, Dunzheng Wang 1, Hang Li 2, Di Guo 2 &
Huaping Liu 1,3

Human teams excel at dynamically restructuring both task assignments and
team composition in response to emerging challenges, proactively recruiting
or releasingmembers as needed. This capacity for autonomous adaptation is a
cornerstone of effective teamwork, yet remains difficult to achieve in het-
erogeneous multi-robot systems, which typically operate under fixed team
configurations or adapt only responsively to external disruptions. In this work,
we present a systematic investigation of the Proactive Collaboration paradigm
for robot teams, where the working team autonomously recruits or releases
members as tasks evolve. We implement this paradigm by equipping robots
with the developed Autonomous Interaction framework, which utilizes need-
driven multi-round communication to facilitate discussions over task pro-
gress, negotiated task allocation, and dynamic team resizing. Through real-
world and simulated experiments, we demonstrate that our framework
effectively realizes the ProactiveCollaboration. By resolving capability gaps via
anticipatory planning and minimizing action redundancy, it yields consistent
and measurable gains in team efficiency and robustness. Our findings suggest
that enabling individual-level initiative may offer a promising pathway toward
more adaptive and cohesive collective behavior in multi-robot systems.

Real-world scenarios, ranging from indoor services to disaster
response and planetary exploration, increasingly require multi-robot
teams to address tasks too complex for individual agents1,2. While
heterogeneous robot teams provide diverse capabilities to handle
environmental variability3–7, the challenge lies in the unpredictable
evolution of task demands during execution. Given this unpredict-
ability, it is unrealistic to determine the optimal multi-robot team
composition in advance or to deploy an entire large team simulta-
neously. Instead, the adaptability of the team is critically enhanced by
allowing agents to be added or removed as needed, enabling them to
autonomously redistribute tasks and solicit collaboration under
uncertainty. Therefore, it is necessary for the team to support on-
demand team reconfiguration during task execution, a paradigm that

imposes exceptionally high demands on the robots’ collaboration and
communication strategies8.

For robot teams united by a shared goal, collaboration paradigms
are generally categorized based on whether the team composition
evolves during task execution: Fixed and Dynamic paradigms1,9. The
former operates with a pre-determined membership, while the latter
allows the composition to be reshaped by adding or removing team
members. Fixed Collaboration is widely utilized due to its simple
design and ease of deployment, often initiated by manual determina-
tion or algorithmic optimization10–13. However, this rigid structure
inherently results in the team lacking the resilience necessary to adapt
to dynamic environmental changes or unexpected failures. Con-
versely, Dynamic Collaboration significantly enhances the adaptability
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of the robot team and holds broad potential for resolving complex,
evolving tasks. Despite these advantages, realizing such dynamic col-
laboration faces challenges regarding the underlying mechanisms of
adaptation. Specifically, identifying the exact timing and precise
requirements for restructuring remains a critical bottleneck that has
significantly hindered its widespread application14.

To elucidate how existing systems tackle this bottleneck, we
analyze the triggers driving team composition changes, categorizing
dynamic collaboration into two distinct paradigms: Responsive Col-
laboration and Proactive Collaboration (Fig. 1). As contrasted against
the rigid failure of Fixed Collaboration, the key distinction between
these two dynamic paradigms lies in whether the team reconfiguration
is driven by passive external intervention or active internal foresight.

The Responsive Collaboration paradigm addresses scenarios where
team composition changes are imposed by external events rather than
the working team’s initiative, such as robot failures or the arrival of new
agents. This category encompasses research domains such as ad hoc
teamwork15–19 and dynamic team formation20,21, which typically rely on
mechanisms likemarket-basedauctions20, opportunistic encounters21, or
open-team policy learning18,22. However, external entities or algorithms
often lack full situational awareness of the working team’s specific con-
text, preventing timely and precise interventions. Simultaneously, the
working teamoperates without anticipating these composition changes.
Consequently, task reallocation occurs only after the teammembership
has been externally altered. This passive adaptation limits the team’s
ability to effectively resolve capability gaps, leading to delayed, mis-
aligned, and inefficient execution trajectories.

In contrast, human teams typically exhibit the Proactive Colla-
boration paradigm, characterized by the team’s autonomous decision
to dynamically reshape its composition as the task evolves. Rooted in
cognitive empathy and shared situational awareness, experts in high-
stakes domains such as emergency medicine and disaster response
routinely form temporary coalitions to address urgent challenges23–25.
In these scenarios, teams do not wait for external dispatchers to
identify needs (Responsive). Instead, they actively call for specialists
(e.g., Rapid Response Teams) to bridge capability gaps, thereby miti-
gating delays and information asymmetry23,26–28. Recognizing that
autonomous adaptation rooted in cognitive empathy is a key driver of
collective intelligence29–31, we aim to realize this mechanism in robotic
systems. To support such autonomy, individual agents must possess
robust capabilities in situated perception, semantic reasoning, and
autonomous arbitration32. Moving beyond existing help-seeking fra-
meworks that rely on human-in-the-loop assistance33–37, we claim that
Proactive Collaboration requires agents to autonomously determine

when to seek help, whom to ask, and what to communicate. By mas-
tering these dimensions, the team can anticipate capability gaps and
proactively recruit specialists or release redundantmembers, ensuring
an aligned and efficient execution flow.

However, realizing such a mechanism remains an open problem
due to three complexities. First, determining when to initiate interac-
tion is critical, requiring agents to semantically identify help-seeking
needs and the team to optimize the timing for reconfiguration. Sec-
ond, deciding whom to target involves selecting appropriate helpers
from internal members or external candidates. This process compli-
cates task planning, as the system must dynamically determine whe-
ther to recruit new members or release redundant ones to align with
varying capabilities. Finally, establishing what to communicate neces-
sitates an effective mechanism to synchronize these decisions, ensur-
ing smooth collaboration throughout the process.

To overcome these complexities, we identify FoundationModels as
the ideal cognitive foundation, leveraging their emerging capabilities in
robotic reasoning, ranging from embodied planning38,39 and task
allocation40–45 to code generation46–49, as well as in the social simulation
of complex collaborative dynamics50,51. Building on this, we propose the
Autonomous Interaction framework that integrates individual robot
intelligence with a multi-robot coordination mechanism. Each robot
follows a two-layer architecture: an Embodiment Layer that closes the
perception, action, and reflection loop for situated reasoning and
embodied taskexecution52,53, andaCommunicativeReasoningLayer that
converts local states and reflections into structured, goal-directed mes-
sages. On top of this per-robot capability, the team coordination is
organized by Autonomous Need-Driven Communication, which triggers
multi-round dialogs when necessary. This allows robots to deliberate
over task progress, negotiate assignments, and dynamically recruit or
release teammates to match the evolving requirements.

In summary, this work establishes an Autonomous Interaction
framework that realizes Proactive Collaboration by enabling hetero-
geneous robot teams to anticipate capability gaps and restructure
their composition. We further show that Large Language Models are
capable of leveraging individual initiative to augment team perfor-
mance. Finally, we validate the performance across both real-world
experiments and extensive simulations, supportedbyour introduction
of DynaTeamTHOR, a benchmark designed for the systematic eva-
luation of dynamic collaboration.

Results
This section details the implementation and systematic evaluation of
the Proactive Collaboration paradigm. We begin by defining the task
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Fig. 1 | Comparison of multi-robot team coordination paradigms. Geometric
shapes represent heterogeneous agent capabilities, while slotted blocks denote
dynamic execution demands. In Fixed Collaboration, a static team lacks the resi-
lience to resolve capability gaps (red cross), leading to rigid and failed execution.

Responsive Collaboration adapts passively after external intervention, resulting in
misaligned and inefficient execution. Conversely, Proactive Collaboration autono-
mously anticipates needs and preemptively recruits required specialists (orange
circle), ensuring aligned and efficient execution trajectories.
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formulation and experimental design,whichestablishes the criteria for
evaluating fixed, responsive, and proactive team collaboration para-
digms (Sec. 2.1). Next, we introduce the Autonomous Interaction fra-
mework that integrates individual robot intelligencewith amulti-robot
coordination mechanism to support efficient teamwork (Sec. 2.2).
Building on this architecture, we validate the feasibility and effective-
ness of the Proactive Collaboration paradigm through real-world
experiments, demonstrating the system’s adaptability to physical
constraints and changing task requirements (Sec. 2.3). To further
substantiate the algorithmic effectiveness of our method, we employ
the scalable DynaTeamTHOR simulation benchmark to demonstrate
its advantages over baselines under consistent paradigm settings (Sec.
2.3). Finally, we conduct a fine-grained failure analysis to elucidate the
mechanisms underlying the observed performance gains and failure
mode shifts (Sec. 2.5).

Experimental setup
EmbodiedTidying-upTask.We evaluatemulti-robot collaboration on
an embodied tidying-up task54,55. In this setup, a heterogeneous team
acts within an indoor environment to explore, identify misplaced
objects, infer their correctgoal locations, andphysically relocate them.
Crucially, the task may necessitate coordinated interaction (e.g.,
clearing obstacles for a teammate) whenever the requirements exceed
individual capabilities. Representative real-world task instances are
shown in Fig. 2. Overall, this processdemands both high-level semantic
reasoning and precise team coordination.

Team Model. To implement collaboration under practical con-
straints, we introduce a team model that separates agents inside the
active operation (the working team) from available resources outside
the workspace (the robot pool). This structured boundary reflects the
resource management required in broader real-world applications,
such as buffering standby units in last-mile logistics or staging backup
units in warehouse scenarios, as further discussed in Sec. 3. Based on
this boundary control, we instantiate three distinct experimental
conditions:

• Fixed paradigm (Controlled Baseline): The boundary is closed.
The team operates with a fixed membership determined at initi-
alization, prohibiting entry or exit regardless of task demands.

• Responsive paradigm (Baseline): The boundary is semi-permeable
but passive. Agents are dispatched from the pool based on the
assessment of an external monitoring dispatcher, which deter-
mines when intervention is necessary.

• Proactive paradigm (Ours): The boundary is permeable and team-
controlled. The working team autonomously manages recruit-
ment or release of members based on evolving task requirements
and internal team assessments.

Experimental Design. Our evaluation combines real-world and
simulation studies to provide complementary evidence.

In real-world experiments, to validate paradigm feasibility, we
deployed the proposed Autonomous Interaction framework as the
uniform underlying driver for all three paradigm variants (Fixed,
Responsive, and Proactive). This controlled setting serves to demon-
strate how the Proactive paradigm unlocks flexibility and efficiency by
dynamically adjusting team composition.

Complementing this, simulation experiments focus on verifying
algorithmic superiority. Here, we hold the paradigm settings constant
and benchmark the proposed Autonomous Interaction against repre-
sentative baselinemethods.Undermatched task distributions,we seek
to validate that our framework consistently achieves higher efficiency
and decision quality. Additionally, this comparative analysis investi-
gates the hypothesis that the efficiency gains of the Proactive para-
digm are realized only through a capable interaction mechanism.

Metrics Overview. We focus our evaluation on a unified set of
primary metrics characterizing task success and execution efficiency.

Specifically, we report Success Rate (SR: a binary indicator of whether
an episode fully succeeds) and Partial Success Rate (PS: the fraction of
objects correctly placed, simulation only). To measure efficiency, we
use Temporal Steps (TS: the number of environment steps until ter-
mination) and Total Action Steps (AS: the total number of executed
action steps summed across all robots, simulation only). For full defi-
nitions and auxiliary metrics, please refer to Sec. 4.3.

Autonomous interaction framework
As illustrated in Fig. 3, the proposed Autonomous Interaction frame-
work integrates individual robot intelligence with a multi-robot coor-
dination mechanism. This hierarchical design bridges high-level
semantic reasoning with low-level execution, providing the necessary
infrastructure for dynamic role assignment and team reconfiguration
(details in Sec. 4).

Individual robot architecture. At the individual level, each robot
integrates a dual-layer architecture comprising an Embodiment Layer
for physical interaction and a Communicative Reasoning Layer for
high-level coordination. (details in Sec. 4.1)

The Embodiment Layer handles the fundamental embodiment cycle:
the Visual Semantic Perception module transforms sensory data into
structured semantic text (e.g., “pillow on floor, between bed andwall") to
facilitate downstream reasoning. Based on this context, the Action Deci-
sion module formulates immediate actions executed by the Action
Executionmodule. Crucially, to support proactive need identification, the
State Assessment module acts as a continuous self-monitor. It triggers a
request for help under two specific conditions: (i) when execution fails
(e.g., physical inability), or (ii) when perception identifies a demand
exceeding current capabilities (e.g., a “heavy" attribute).

The bridge between individual action and collective coordination
is the Communicative Reasoning layer. This layer comprises two dis-
tinct modules designed to handle information flow at different stages
of the interaction.

• Purposeful Expression: This module facilitates in-communication
message generation by ensuring that every utterance is strategi-
cally aligned with the robot’s current objectives. To ensure
coherent and goal-oriented exchange, this module decouples
message generation into a two-stage process. During an active
dialog, the Thinking Stage first synthesizes the IncomingMessage
and internal Reflection to establish a clear communicative
Purpose. Based on this intent, the Speaking Stage then formulates
the Outgoing Message. This explicit abstraction prevents redun-
dant or off-topic utterances, ensuring that communication
remains an efficient tool for problem-solving rather than an end
in itself.

• Task Summary: This module performs the post-communication
task update by anchoring collective consensus into the robot’s
individual executionpipeline. Once the AutonomousNeed-Driven
Communication protocol signals the end of a negotiation, this
module analyzes the entire Message History to extract actionable
consensus. It distillates themulti-robot agreement into a localized
task update, effectively translating collective decisions into the
robot’s next individual Task. By updating the local plan of each
participant, this module ensures synchronized role changes and
goal alignment across the heterogeneous team without the need
for a central orchestrator.

Autonomous need-driven communication. At the collective
level, the framework utilizes Autonomous Need-Driven Communica-
tion tomanage task allocation andmember recruitment. This protocol
structures multi-robot interactions into sequential, need-driven
exchanges based on the evolving task requirements. (details
in Sec. 4.2)

Within this protocol, Purposeful Expression functions as the
message generation mechanism for each robot. During the

Article https://doi.org/10.1038/s41467-026-72797-8

Nature Communications |         (2026) 17:6306 3

www.nature.com/naturecommunications


communication process, each robot leverages its internal Thinking
and Speaking stages to articulate specific needs or offer capabilities,
ensuring that every message actively contributes to resolving the
current task bottleneck. Through this strategic negotiation, robots

navigate complex collaborative scenarios, such as identifying a “cap-
ability gap" and proactively recruiting new members from the Robot
Pool to join the active team.
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Fig. 2 | Four representative tasks in the real-world experiments. a A misplaced
tissue shouldbepickedupand returned to itsproperplaceon thedesk.bAmisplaced
bottle should be picked up and returned to its proper place in the trash can. cAbottle
trapped underneath a cart. Pull the cart to free the trapped bottle, then place it in the

trash can.dAwater stain on the floor blocks access to the bottle. Clean the stain, then
place the bottle in the trash bin. A videodemonstrationof the four tasks is provided in
Supplementary Video 1. In real-world deployments, the robot team resolves amixture
of these tasks without prior knowledge of their type or number.
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Once the Autonomous Need-Driven Communication concludes
that a consensus has been achieved, the Task Summary module per-
forms the post-communication task update by conducting a final
consolidation of the entire Message History. It distills the negotiated
agreements into updated local plans for all involved agents, ensuring
synchronized role transitions and seamless task handovers across the
heterogeneous team without a central controller.

Real-world validation
To validate the feasibility of the Proactive Collaboration paradigm in a
physical setting, we deployed a heterogeneous team in an office
environment comprising four interconnected rooms with both spatial
and functional complexity.

Platform and environment. We utilized a pool of five hetero-
geneous robots positioned outside the main workspace to represent
available resources, as shown in Fig. 4a–f. The specific platforms inclu-
ded: (a)Car (AgileXLIMO)and (e)Go2 (UnitreeGo2) for rapidperception
and navigation; (b) AlienGo (Unitree AlienGo) for locomotion and
manipulation; (c) Stretch (Hello Robot Stretch) for complex physical
interaction and high-reach manipulation; and (d) Cleaner (iRobot Cre-
ate3) for surface cleaning. These platforms provide complementary
mobility and interaction capabilities. To join the working team, robots
from the pool must physically enter the active workspace through a
designatedentrance,which restricts local perception todeployed robots
and formallymarks their state transition from an external resource to an
active team member. Details of the robotic platforms and sensor con-
figurations are provided in Supplementary Sec. 1.1.1.

Evaluation protocol. We evaluated the three paradigms (Fixed,
Responsive, and Proactive) across a total of 60 episodes, following a
full factorial design of 3 paradigms × 10 scenarios × 2 initial team
configurations. To test adaptability, we designed ten cluttered multi-
room scenarios varying in difficulty: 4 instances requiring basic coor-
dination and 6 instances demanding complex interaction (e.g., cart
pulling) or auxiliary cleaning.

To emulate the scenario of dispatching a robot team into a room
with unknown task requirements, we initialized the teams without
prior knowledge of the specific obstacles or messes they would
encounter. Consequently, these initial teams may possess varying
degrees of capability gaps relative to the actual demand. We modeled
this by initiating tasks with two distinct configurations: a basic

configuration capable of standard tasks but vulnerable to high-load
demands, and an intermediate configuration with improved versatility
but remaining incomplete for comprehensive scenarios. This design
specifically stresses the system’s ability to recognize capability gaps
and adjust team composition dynamically under unknown task
distributions.

End-to-end performance. As shown in Fig. 4g, the choice of
collaboration paradigm significantly impacts the team’s overall suc-
cess and efficiency. The Fixedparadigm struggledwith capability gaps,
achieving the lowest Success Rate (SR) of 0.45 and the highest average
completion time of 931 seconds. The Responsive Paradigm provided a
slight improvement (SR 0.55, 894s) by allowing external help, but its
performance remained capped by both the dispatch delay and the
post-arrival integration latency. In contrast, the Proactive Paradigm
achieved a dominant SR of 0.90 with the lowest average time of 735s.
This substantial leap validates that enabling the team to autonomously
anticipate needs and recruit members significantly reduces failure
rates and execution time.

Coordination quality and team dynamics. To decouple coor-
dination stability from resource availability, we analyze the Condi-
tional Success Rate (Fig. 4h). This metric calculates the success rate
exclusively for the subset of episodes where a capable team was suc-
cessfully formed, thereby isolating the impact of the collaboration
strategy on execution consistency:

• Inherent Framework Competence (Fixed): For the Fixed para-
digm, we calculate this metric over the subset of episodes where
the initial team configuration was already theoretically sufficient.
The high score of 0.82 serves as a controlled baseline, demon-
strating that our underlying Autonomous Interaction framework
effectively organizes the team when resources are present and
secured from the start.

• Passive Integration Cost (Responsive): In the Responsive para-
digm, we isolate the specific episodes where external intervention
successfully provided the necessary agents. Despite eventually
acquiring the required resources, the paradigm shows a sig-
nificant drop in conditional success to 0.61. This indicates that the
passive introduction of new members often creates coordination
misalignment rather than cohesion. Such sudden additions dis-
rupt the existing collaboration, often causing the task to fail even
when the team gains the necessary capabilities.
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Fig. 3 | Overview of the autonomous interaction framework. Each robot inte-
grates an Embodiment Layer that closes the perception, action, and reflection loop,
and a Communicative Reasoning Layer that enables purposeful, goal-directed

dialog. Based on reflected capability gaps and task progress, robots autonomously
initiate need-driven multi-round communication, recruit or release teammates
from the robot pool, and update role assignments via negotiated consensus.
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• Proactive Efficiency Gain (Proactive): For the Proactive paradigm,
we evaluate episodes where the working team successfully iden-
tified and recruited the required members. This approach
achieves the highest conditional success rate of 0.90, surpassing
even the stable Fixed baseline. This suggests that proactive
recruitment acts as more than just a resource buffer. By seeking
help at the appropriate moment, the team integrates new mem-
bers seamlessly before conflicts escalate, turning potential coor-
dination friction into an efficiency gain.

Collectively, these findings demonstrate that the anticipatory planning
of reconfiguration is as critical as the resources themselves: whereas
passive intervention incurs a coordination penalty, proactive antici-
pation enables the team to effectively integrate new members to
enhance, rather than merely repair, the workflow.

Representative episode. The efficiency of the Proactive paradigm
stems from its ability to bridge capability gaps in real-time. As illustrated
in Fig. 5 (and representative tasks in Fig. 2), when an initial team
encounters a “trapped bottle" requiring heavy manipulation, the system

identifies the deficiency and autonomously recruits Stretch from the
robot pool. Once Stretch clears the obstacle (the cart), it allows the
original team to proceed. Furthermore, the system dynamically releases
robots (e.g., Car andGo2)once their tasks are complete, optimizing team
size without human intervention. A full video demonstration of this task
episode is available in Supplementary Video 2.

Mechanisms of Adaptability. The significant performance
advantage of the Proactive paradigm (90% SR vs. 55% in Responsive)
stems from two primary mechanisms. First, the team autonomously
recruits members during execution, ensuring the group composition
aligns with task demands and eliminating the significant waiting
latency caused by late external intervention. Second, and crucially, the
Proactive paradigm incorporates anticipatory planning to coordinate
the team’s state for the specific helper’s arrival. As visualized in Fig. 6,
theResponsive paradigmsuffers fromaprolonged “misaligned action"
phase (Integration Latency) even after the required robot eventually
arrives. In contrast, the Proactive paradigm orchestrates the recruit-
ment process, enabling direct coordination where the helper inte-
grates into the workflow immediately.

Fig. 4 | Real-world experimental setup and quantitative results for collabora-
tive tidying tasks. a Shared workspace containing a trapped bottle. b Top-down
map of the overall environment layout. c Meeting room with a misplaced bottle.
d Pantry roomwith both a water stain and a bottle requiring cleanup. e Robot pool
located outside the environment entrance containing five robots: (a) AgileX LIMO
(Car), (b) Unitree AlienGo, (c) Hello Robot Stretch, (d) iRobot Create3 (Cleaner),
and (e) Unitree Go2. f Office space with a misplaced tissue. Target objects in

(a, c, d, f) appear randomly; these images capture representative instances when
tidying is required. g Overall Success Rate (%) and Average Time (s) across the
Fixed, Responsive, and Proactive paradigms. h Conditional Success Rate. This
metricmeasures the success rate calculated exclusively from the subset of episodes
where a team with sufficient capabilities was successfully formed (i.e., excluding
failures caused purely by the inability to recruit the necessary robot types).

Article https://doi.org/10.1038/s41467-026-72797-8

Nature Communications |         (2026) 17:6306 6

www.nature.com/naturecommunications


Fig. 5 | Dynamic team composition throughout a single task episode. The epi-
sode begins with a team composed of the Car and AlienGo robots. Upon detecting
trash beneath a cart (Task Identified), the team initiates a discussion to validate the
constraint (Limitation Confirmed) and proactively makes a Decision: Recruit for
Stretch and Go2. Following theHelper Joins event, the Car and Go2 complete their

exploration and autonomously exit. Once all misplaced objects are tidied, Stretch
and AlienGo also leave the scene, marking the Task Complete. This sequence
illustrates the Proactive paradigm’s capacity for dynamic, task-driven team
reconfiguration.
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Controlled experiments in simulation
Simulation Benchmark: DynaTeamTHOR. To enable statistically
grounded comparisons for our proposed Autonomous Interaction
framework, we introduce DynaTeamTHOR, which extends the cap-
abilities of the AI2-THOR series56,57. The environment features realistic
3D indoor scenes rich in semantic diversity, ranging from living areas
to kitchens, each populated with interactive objects and varied furni-
ture layouts. It operationalizes our team model through two key fea-
tures: (i) A Coordinated Interaction Mechanism that mandates
synchronized joint actions to trigger specific state changes (e.g., dis-
placing heavy furniture). This explicitly enables “Trapped Object"
scenarios, where target items are occluded by obstacles that require
collaborative displacement to access. And (ii) A Dynamic Robot Pool
Interface that enables multiple robots to operate simultaneously
within the same multi-room workspace, allowing real-time agent
instantiation fromdistinct robot configurations (defined by navigation
speed, manipulation range, etc.). This benchmark comprises 10 dis-
tinct multi-room layouts (Fig. 7a) and 720 task scenarios, providing a
basis for evaluating generalizability across varying spatial structures.

Baselines. To rigorouslybenchmark algorithmic effectiveness, we
compare our framework against representative baselines spanning
decision-making and communication strategies. Since a few existing
methods naturally support the dynamic team composition required
for Proactive Collaboration, we selected and adapted representative
strategies from standard heterogeneous robot collaboration:

Regarding planning, we compare against: (i) Random (Baseline 1),
serving as a lower bound where agents select skills without delibera-
tion; (ii) Direct_LLM (Baseline 2)19, representing direct LLM generation
with rigid information exchange; and (iii) EMOS (Baseline 3)40, a recent

centralized framework designed for heterogeneous robot coordina-
tion, which we adapted for decentralized execution. Crucially, for the
Proactive paradigm, all these planning baselines were augmented with
our member adjustment mechanism to ensure a fair comparison of
dynamic capabilities.

Regarding communication, we evaluate our need-driven protocol
against standard sequential mechanisms: Round-Robin Broadcast58

and Round-Robin Targeted59. While both follow a fixed turn-taking
order, the former broadcasts to the entire team while the latter
addresses specific recipients.

Further evaluations, including comparisons with other adapted
frameworks and comprehensive ablation studies, are detailed in Sup-
plementary Sec. 4.

Comparative performance analysis. As illustrated in Fig. 7b, our
proposed Autonomous Interaction framework demonstrates super-
iority across all paradigm variants. In both Fixed and Responsive set-
tings, our method effectively utilizes limited resources to achieve
Success Rates (SR) of 48.0% and 56.1%, respectively, significantly out-
performing the best baseline scores of 28.8% and 36.9%. The perfor-
mance gap becomes most pronounced in the Proactive paradigm,
where our method achieves a dominant 70.3% SR compared to 37.9%
for the best baseline. Furthermore, our approach substantially reduces
action overhead (#AS ≈ 2335 vs. > 5100 for Baseline 3), proving that
anticipatory reasoning enables precise recruitmentwithout redundant
actions.

Analysis of proactive efficiency. To investigate the mechanisms
driving these gains, we analyzed the relative improvement when
shifting from the Responsive to the Proactive paradigm (Fig. 7c). The
results reveal that simply enabling proactive recruitment is insufficient

Fig. 6 | Temporal and visual analysis of anticipatory planning. This figure
demonstrates the clear advantages of a proactive approach over a responsive one.
Top: Comparison Gantt Charts. The Responsive paradigm (upper) is marked by a
Failure event (t = 1: 40), where the robot physically attempts and fails to move the
cart, triggering a Misaligned Action phase where the recruited helper is active but
not yet synchronized with the working team. This combination of waiting time and
misaligned coordination results in a visible Performance Gap (175s) compared to
the proactive case. In contrast, the Proactive paradigm (lower) begins with Conflict
Anticipated (t = 0: 19), where the constraint is identified via visual reasoning,

allowing thehelper tobeRecruited& Informed (t= 1: 10) and arrive prepared for the
task.Bottom: Execution Snapshots. Dashed arrows link the timeline events to key
execution snapshots. (Anticipation) The robot visually detects the geometric
constraint (a misplaced bottle is trapped under the cart) and initiates planning.
(Direct Coordination) The helper (Stretch) navigates directly to the task site,
achieving a seamless transition. (Failure) The robot is physically blocked while
attempting the infeasible task. (Misaligned) A state of misaligned coordination
where the helper (right) operates in an irrelevant area.
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if the underlying individual intelligence and coordinationmechanisms
are deficient.

• Inefficiency of Baselines: For Baselines 1, 2, and 3, the shift to the
Proactive paradigm yields negligible gains in success rate ( < 5%
improvement). Critically, their efficiency significantlydegrades, as
indicated by negative improvement rates in Total Action Steps
(e.g., Baseline 1 drops by 17.3%). This suggests that without
effective coordination, proactively recruiting more robots leads
to resource waste and chaotic execution rather than constructive
collaboration.

• Efficiency of Ours: In contrast, our method effectively leverages
the proactive freedom, achieving a 25.3% boost in SR alongside a
22.0% improvement in Action Steps. This demonstrates that our
method converts proactive freedom into practical efficiency,
optimizing the team to solve complex tasks with minimal wasted
action.

Impact of communication strategy. Finally, regarding coordination
efficiency, we validated the rationality of our interaction mechanism
against the sequential communication baselines defined above. As
visualized in the radar chart (Fig. 7d), these baseline strategies suffer
from redundancy and latency, achieving lower success rates (55-59%).
Our approach, which allows flexible, need-based entry into dialogs,
encompasses the baselines across all metrics, confirming that flexible
communication is essential for efficient multi-robot coordination.

Representative episode. We examine a specific simulation
instance to demonstrate the transition from internal coordination to
team expansion. When a robot encounters a blocking condition while
retrieving an object, it first initiates a help request to its existing
teammate. The teammate, however, evaluates its current workload
(transporting a saltshaker) and declines the request to maintain indi-
vidual efficiency. Following this negotiation, the team confirms the
lack of internal solutions and autonomously escalates its strategy,

Fig. 7 | Simulation environments and comprehensive performance evaluation.
a Scenes in the benchmark dataset. Each image shows a top-down view of a distinct
house developed in our simulation environment. These feature diverse spatial
layouts and object distributions to support systematic evaluation of multi-robot
collaboration. b Performance comparison of four methods across the Fixed,
Responsive, and Proactive paradigms. Bars represent Success Rate (%SR) and Par-
tial Success Rate (%PS) on the left y-axis. Lines represent Time Steps (#TS) and

Action Steps (#AS) on the right y-axis, which is inverted so that higher positions
consistently indicate better performance. c Improvement rate transitioning from
the Responsive to the Proactive paradigm. Values are computed as percentage
changes, with signs aligned so that positive values consistently represent improved
performance. d Radar chart comparing communication strategies. Metrics are
normalized and oriented so that positions closer to the outer edge represent better
performance.
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dynamically recruiting an available robot from the pool to resolve the
conflict. This progression illustrates how team composition evolves
during execution to address insufficient internal resources. A full video
demonstration of this task episode is available in Supplementary
Video 3.

Failure analysis
To elucidate themechanisms underlying the observed performance
differences from a collaboration perspective, we conducted a fine-
grained failure analysis. We categorize failures into three distinct
mechanistic levels: (i) Capability Deficit (Structural Failure), where
the working team fundamentally lacks the required hardware con-
figuration to resolve a task (e.g., inherent limitations of the initial
team or failure to recruit necessary capabilities before timeout); (ii)
Coordination Breakdown (Inter-Agent Dynamic Failure), where the
necessary physical capabilities exist, but execution fails due to
flawed multi-agent interaction (e.g., persistent execution dead-
locks, unresolved role conflicts, or consensus misalignment during
task allocation); and (iii) Reasoning Error (Intra-Agent Cognitive
Failure), where the dominant failure is attributable to an individual
agent acting in isolation based on flawed LLM logic, independent of
team dynamics (e.g., context loss over long sequences, semantic
misjudgments, or the fabrication of ungrounded physical
properties).

Shift in failure modes. As illustrated in Fig. 8a, the dominant
failure sources shift significantly as team adaptability increases. The
Fixed paradigm is dominated by Capability Deficit, reflecting the
structural rigidity inherent in closed team boundaries. While the
Responsive paradigm resolves these structural gaps, it results in a
significant increase in Coordination Breakdown. This confirms that
reactive recruitment introduces a high interaction penalty, where
inopportune arrivals and uncoordinated motion frequently lead to
plan misalignment. In contrast, the Proactive paradigm effectively
mitigates both structural and dynamic failures. By initiating
recruitment and role reassignment early, it minimizes coordination
overhead, leaving Reasoning Error (inherent to individual agents)
and minor Coordination Breakdown as the residual failure modes.

Fine-grained decomposition in simulation. Large-scale simula-
tion results (Fig. 8b) corroborate this structural failure mode shift and

provide deeper insight into the Coordination Breakdown category,
particularly regarding Deadlock situations where agents cycle through
infeasible actions due to conflicts. The data reveal that Deadlock
accounts for ~8.19% of all tasks in the Responsive paradigm, indicating
that passive adaptation often traps agents in unseen synchronization
dilemmas. However, under the Proactive paradigm, Deadlock fre-
quency decreases to 3.75%. This reduction demonstrates that antici-
patory role negotiation acts as a preventative filter, resolving potential
conflicts before they manifest in execution and ensuring smoother
collaboration flows.

Discussion
This study introduces a Proactive Collaboration paradigm designed to
overcome the structural rigidity of fixed robot teams and the opera-
tional misalignment inherent in responsive approaches. By equipping
agents with the capacity to anticipate task requirements and autono-
mously adjust team composition, we observed consistent gains in
efficiency across simulations and demonstrated feasibility in real-
world experiments. These findings indicate the potential for
individual-level initiative to cultivate more adaptive and resilient col-
lective behavior in embodied systems.

Emergent behaviors in coordination. To understand the
mechanisms driving these aggregate gains, we analyzed the interac-
tion histories from our large-scale simulations (Fig. 9). Notably, dis-
tinct social coordination patterns emerged directly from inter-robot
communication and decentralized decision-making. We categorize
these dynamics into four behaviors analogous to human social
coordination:

• Arbitration. In human society, arbitration involves a neutral third
party resolving disputes via binding decisions60,61. In our setting,
Arbitration occurs when an uninvolved robot spontaneously
intervenes to resolve a conflict. As shown in Fig. 9, when Stretch
and LoCoBot simultaneously attempt a “clock placement" task, a
third agent, Cleaner, intervenes by suggesting LoCoBot proceed
due to proximity. The conflicting parties accept this unsolicited
peer-mediation, illustrating effective conflict resolution without a
central coordinator.

• Resource Competition. Analogous to groups contending for lim-
ited resources62,63, we observed Resource Competition where

Fig. 8 | Failure analysis across Fixed, Responsive, and Proactive collaboration
paradigms. a Real-world failure composition shows a structural shift from cap-
ability deficits to coordination breakdowns, which are ultimately resolved in the
Proactive paradigm. b Fine-grained decomposition in simulation corroborates this

trend and further reveals the specific mechanism of coordination failures (e.g.,
Deadlock). Detailed failure taxonomy and quantitative distribution are provided in
Supplementary Sec. 4.5.
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multiple agents contend for the same assistance capability. For
instance, when both LoCoBot and Abstract request help from
Stretch, the initial first-come-first-served logic is overridden when
Abstract persuades Stretch by emphasizing task urgency. Conse-
quently, LoCoBot recognizes the unavailability and autonomously
recruits HighThor from the robot pool. This illustrates how
allocation shifts dynamically under competitive pressure to
optimize global efficiency.

• Volunteering. Resembling human volunteerism actions intended
to benefit others without obligation64,65, we define robotic
Volunteering as cases where an agent suspends its own plan to
assist a teammate without an explicit request. For example,
Stretch cancels its planned kitchen exploration upon observing
LoCoBot struggling with a “newspaper behind sofa" task. This
reflects an emergent form of behavioral empathy, where agents

Fig. 9 | Examples of four types of emergent behavior observed in our experi-
ments. a Brief examples of competition, conformity, volunteering, and arbitration.
b Detailed contents of multi-round dialogs. Arbitration: Robots resolve action
conflicts through peer intervention, spontaneously regulating task assignments.

Competition: Robots compete for assistance from the same teammate, leading to
dynamic reallocation of support. Volunteer: A robot suspends its own plan to assist
others, prioritizing team needs over individual goals. Conformity: A robot changes
its decision based on peer reasoning and shared team objectives.
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adapt into a supportive partner or assistant role based on inferred
needs rather than rigid role adherence.

• Conformity. Defined as adjusting behavior to align with group
norms or goals66,67, Conformity emerges when robots revise
decisions after peer input highlights shared priorities. In our
experiments, LoCoBot initially declines a request due to indivi-
dual commitments but reverses this decision after HighThor
emphasizes the task’s critical relevance to the overall objective.
This adaptation arises through peer reasoning rather than enfor-
cement, ensuring collective success.

The emergence of these sophisticated behaviors offers significant
implications for the design of multi-robot systems. The empirical
results indicate that decentralized natural language coordination can
support timely role negotiation and dynamic subgroup formation
during embodied task execution. More broadly, these observed
behaviors point to a pathway where local autonomy gives rise to
coherent group-level intelligence. This aligns with theories of collec-
tive intelligence in human teams, where performance is driven by
adaptive interaction patterns and self-organized restructuring29,31.
However, we acknowledge that the identified taxonomy is likely not
exhaustive. We envision that more systematic observation of long-
term interactions will reveal additional emergent behaviors, repre-
senting a promising direction for multi-robot sociology.

Rationale for the robot pool. The robot pool is grounded in the
necessity of efficient resource management within practical deploy-
ments. Assigning an entire fleet to a single task consumes excessive
resources and is often infeasible due to physical overcrowding and
communication bandwidth limits. The pool, therefore, acts as a phy-
sical buffer of available resources, such as standby agents waiting at
logistics distribution hubs. Conceptually, the pool also represents
broader available system capacity. In warehousing scenarios, specia-
lized units remain in staging areas and function as a reserve until pri-
mary robots explicitly request assistance. Furthermore, even when
robots are engaged in other routine duties, an urgent request can
reassign agents from lower-priority tasks. This dynamic effectively
treats the entire system as a resource pool relative to the active
operation. Consequently, our framework naturally aligns with these
realistic constraints.

Limitations and future work. The present study validates the
Proactive Collaboration paradigm within indoor collaborative scenar-
ios. While our simulations establish statistical robustness, the real-
world experiments demonstrate the feasibility of autonomous role
negotiation using representative heterogeneous teams. We acknowl-
edge that further testing across larger sample sizes is required to prove
statistical robustness in physical settings. Furthermore, deployment in
unstructured or adversarial environments introduces additional com-
plexity regarding communication stability and spatial interference.

Looking forward, we aim to extend the Proactive Collaboration
paradigm to more unstructured and constrained environments.
Domains such as warehouse automation, disaster search and rescue1,
and subterranean exploration5 represent promising directions where
dynamic team resizing is critical, but communication bandwidth is
limited. Futureworkwill explore how this framework for decentralized
coordination generalizes to larger and more diverse robot fleets. Fur-
thermore, future research will investigate the integration of more
sophisticated empathy-inspired mechanisms to foster flexible and
effective proactivity.

Methods
Individual robot architecture
Each robot integrates a two-layer architecture (Fig. 3): an Embodiment
Layer that closes the perception, action, and reflection loop, and a
Communicative Reasoning Layer that translates local reflections into

goal-directed messages and post-dialog task updates. Detailed imple-
mentation is provided in Supplementary Sec. 1 (real world) and Sec. 2
(simulation).

LLM configuration. Unless otherwise specified, all LLM calls in
our system use a unified configuration shared across robots and
modules. In our experiments, we utilize the gpt-4o-mini-2024-07-
18 model. To balance creativity and determinism, we set the tem-
perature to 0.7, while leaving all other hyperparameters at OpenAI API
official default values. The core prompts are provided in Supplemen-
tary Sec. 3.

Embodiment layer. Visual semantic perception. The Visual
Semantic Perception module enables each robot to interpret its
surroundings by identifying visible objects, inferring their spatial
relationships, and reasoning about which objects are misplaced and
where they should be returned. At each time step, the robot acquires
a visual observation and runs an object detector to identify objects. It
then fuses the detections with depth information to estimate 3D
object locations, projects them onto the map, and infers relative
spatial relations among nearby objects (e.g., a clock on the table).
This information supports efficient navigation and task-relevant
spatial reasoning. Afterwards, for each newly detected object, we
provide its relative spatial context to the LLM, which determines
whether the object is misplaced and infers an appropriate target
location. In our real-world deployment, we employ a hybrid per-
ception scheme, using a fine-tuned YOLOv8model to detect dynamic
objects and fiducial markers (AR Tags) to precisely localize static
receptacles. Spatial relationships are then inferred through geo-
metric reasoning on the resulting 3D object locations. In contrast,
our simulation environment utilizes the simulator’s ground truth
data, determining object visibility via ray casting and extracting
spatial predicates from the scene graph directly. This allows us to
isolate and evaluate the core decision-making algorithms, free from
perception noise.

Action decision. The Action Decision module adopts a hier-
archical design in which an LLM selects high-level robot skills condi-
tioned on the robot’s grounded state and the task allocation. At each
decision cycle, we prompt the LLM to choose exactly one skill from a
predefined library.

The skill library is instantiated separately for each platform to
support heterogeneous teams. Each robot type exposes only the subset
of the skill library that corresponds to its own capabilities. We define a
basic set B = fExplore,Wait,Exitg that is shared across all platforms,
providing common navigation and coordination capabilities. Building
uponB, the real-world robotsused in thiswork implement the following
platform specific skill sets: Go2 and Car use B; AlienGo uses
B∪ fGoPick,GoPlaceg; Stretch uses B∪ fGoPick,GoPlace,GoPullg;
and Cleaner uses B∪ fGoCleang.

To encourage stable and conservative decision making, the
prompt constrains the LLM to output a single skill name together with
the required arguments (e.g., a target object identifier). Once a skill is
selected, it is forwarded to the Action Execution module, which maps
the high-level decision to an executable sequence of primitives and
carries out the corresponding low-level control.

Action execution. The Action Execution module instantiates
each high-level action decision as executable, low-level control com-
mands that realize the selected skill. Given a skill output by the Action
Decision module, it is first expanded into an ordered sequence of
motion and manipulation action primitives using predefined, rule-
based decompositions. The module then dispatches these primitives
to the robot platform,monitors execution outcomes, and updates the
robot’s internal estimate of the environment’s dynamic state
accordingly. Controllers for individual primitives can be specified in
advance using hand-designed controllers or learned from data via
imitation learning (IL) and reinforcement learning (RL). The rule-
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based skill-to-primitive mappings used in our implementation are as
follows:

• Explore〈IDroom〉 → GoToObject〈IDroom〉 + Explore〈IDroom〉
• GoPick〈IDobject〉 → GoToObject〈IDobject〉 +
PickupObject〈IDobject〉

• GoPlace〈IDobject〉 〈IDreceptacle〉
→ GoToObject〈IDreceptacle〉 +

PutObject〈IDobject〉 〈IDreceptacle〉
• GoPull〈IDobject〉 〈direction〉 → GoToObject〈IDobject〉 +
PullObject〈IDobject〉 〈direction〉

• GoClean〈IDobject〉 → GoToObject〈IDobject〉 +
Clean〈IDobject〉

For coordination, Wait invokes an Idle controller mode that
holds position while continuing perception updates; Exit navi-
gates to a predefined robot pool waypoint (IDrobotpool) and then
enters Idle. In the real-world deployment, the execution stack is
implemented using both ROS and ROS 2: AgileX LIMO and Unitree
AlienGo run ROS Melodic, while Hello Robot Stretch, iRobot Cre-
ate3, and Unitree Go2 run ROS 2 Foxy. Since ROS1 and ROS2 use
different communication architectures, cross-robot coordination is
implemented via a TCP-based centralized scheme over a fixed-IP
LAN. Navigation is exposed through service interfaces, including
mapping, localization, and planning provided by the robot manu-
facturer. Manipulation primitives such as picking and pulling are
built on the open-source grasping pipelines and visual servoing with
AR-tag-based localization. In simulation, the same primitives are
mapped to the DynaTeamTHOR API. Navigation is performed with
A* search over a NavMesh, and interactions such as picking are
executed via kinematic attachment, enabling idealized and repro-
ducible execution.

State assessment. The State Assessment module evaluates the
success of an executed low-level action and the resulting state infor-
mation, providing corresponding feedback when a failure occurs.

This module follows a two-stage pipeline that (i) deterministically
determines whether an executed primitive action succeeds and pro-
duces a grounded, structured feedback signal, and (ii) diagnoses fail-
ures and suggests recovery via an LLM conditioned on this feedback.

After each low-level action, stage (i) performs a rule-based out-
come check. It compares the pre-action and post-action states and
evaluates simple geometric cues, such as relevant distances. It outputs
a success flag. If the action fails, it additionally provides a coarse and
verifiable failure reason.

In stage (ii), we provide the LLM with the structured outcome
from stage (i) along with compact pre-action and post-action state
summaries. Conditioned on these grounded signals, the LLM identifies
the specific cause of failure and generates a concrete recovery strat-
egy. The strategy is then either forwarded to the next action decision
module or directly initiates communication. Based on this diagnosis,
the robot decides whether teammate coordination is necessary. If
coordination is required, it initiates a new round of team commu-
nication and integrates the reflection into its Purposeful Expression.
Otherwise, it sends the recovery plan directly to the action decision
module to regenerate a feasible plan.

Our state assessment is grounded in the platform’s capabilities. In
the real world, failure diagnosis is based on rich, hardware-level feed-
back. For instance, a grasp failure is diagnosed by analyzing force
torque sensor readings for slippage, and navigation failures are
assessed using fused LiDAR and IMU data. In simulation, assessment
relies on logical checks against the simulator’s ground-truth state. A
grasp failure is determined by checking kinematic reachability, and
navigation failures are identified by comparing the final position to the
target coordinates. This dual approach ensures that our reasoning
module receives physically meaningful feedback in the real world and
logically consistent feedback in simulation.

Communicative reasoning layer. Purposeful expression. Purposeful
Expression is the coremodule of the Communicative Reasoning Layer
that generates targeted, structured messages. LLM-based natural

Fig. 10 | LowThor’s Communicative Reasoning Layer in an autonomous need-
driven dialog episode. a LowThor's communicative reasoning pipeline during
one episode managed by Autonomous Need-Driven Communication. Top: Pur-
poseful Expression. The first utterance is generated in two stages: the Thinking
Stage infers an explicit communication purpose from the prompt template,
robot state, reflection signals, and dialog context. The Speaking Stage then
produces the concrete, targetedmessage consistent with that purpose.Middle:
Message History. After the episode ends, LowThor stores the full message

history for consolidation. Bottom: Task Summary. LowThor summarizes the
negotiated consensus and converts it into an executable local task plan. b An
example episode of multi-round dialog. Multiple robots speak in sequence
under Autonomous Need-Driven Communication and the interaction terminates
naturally when no new responses are triggered. Each utterance is produced by
the speaker’s Purposeful Expression (Thinking → Speaking), and after termina-
tion, each robot independently runs Task Summary to update its own next task.
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language communication in multi-robot teams often tends to result in
off-topic, redundant, or irrelevant utterances, largely due to halluci-
nations and the lack of structured reasoning68,69. Such noise degrades
coordination, causing misunderstandings, delays, and suboptimal
execution. We attribute these failures to missing, explicit conversa-
tional goals that can be tracked across dialog rounds.

To address this issue, we design a two-stage pipeline: a Thinking
Stage that infers communicative intent, and a Speaking Stage that
generates the concrete utterance. This decoupling separates deciding
what to say fromdeciding how to say it, improving interpretability and
precision.

In the Thinking Stage, the LLM summarizes the robot state,
reflection outputs, and message history into a set of communicative
purposes (e.g., sharing information, allocating tasks, requesting
assistance, offering help, or declining support). Purposes are main-
tained across rounds with explicit status labels (completed, pending,
or abandoned), and new purposes can be introduced as task condi-
tions evolve.

In the Speaking Stage, the robot verbalizes the pending purpose
by selecting both the key content and the intended recipient(s),
keeping the exchange focused and goal-directed. When the robot
recognizes that the team’s current capabilities are insufficient, it may
issue Recruit Robotn

� �
to recruit new members from the robot pool.

The recruited robot joins the working team immediately.
Figure 10 illustrates how Purposeful Expression operates in a

multi-round communication episode and how the LLM is used
throughout this process. In Fig. 10a, we visualize LowThor’s Commu-
nicative Reasoning Layer during an episode managed by Autonomous
Need-Driven Communication. Specifically, the top panel (Purposeful
Expression) shows how LowThor generates its first utterance using the
LLM in two stages: the Thinking Stage infers anexplicit communicative
Purpose from the prompt template, robot state, reflection signals, and
dialog context. Conditioned on this Purpose, the Speaking Stage then
uses the LLM to produce the concrete, recipient-targeted Speaking
Content. Fig. 10b shows a full communication episode:multiple robots
are scheduled to speak in sequence under Autonomous Need-Driven
Communication, and the episode terminates naturally whenno further
responses are triggered. This highlights the relationship between the
two mechanisms: Autonomous Need-Driven Communication orga-
nizes who speaks when and when the dialog ends, while each indivi-
dual utterance is generated by the current speaker’s Purposeful
Expression (Thinking → Speaking), as exemplified by LowThor in
Fig. 10a.

Task summary. The Task Summary module consolidates the
outcome of a communication episode into an explicit, executable
update of each robot’s local plan. After a need-driven multi-round
communication terminates, the robot reviews the full message history
and extracts the team-level consensus, including (i) updated task
assignments, (ii) team composition changes (e.g., Recruit/Release),
and (iii) key coordination commitments (e.g., who will push, wait, or
navigate to a location). It then rewrites its own current task. By
grounding negotiated consensus into a concise, agent-local task. Task
Summary ensures that all participants transition to consistent next
actions without requiring a centralized controller.

Autonomous need-driven communication
While Purposeful Expression determines what a robot should say and
generates a single targeted utterance, Autonomous Need-Driven
Communication orchestrates the entire communication process.
When a robot detects a coordination need and initiates communica-
tion, thismechanismmanages the subsequentmulti-rounddialog until
an actionable consensus is reached. In doing so, it provides the coor-
dination backbone that transforms individual, purpose-driven utter-
ances into team-level agreements: it bridges individual robots and
global coordination by structuring multi-round interactions in which

task allocation, coordination plans, and recruitment decisions are
jointly produced through thorough discussion.

Wemodel themulti-round dialog as a breadth-first traversal (BFS)
over a dynamically evolving communication graph G = (V, E), where
vertices V are the participating robots and edges E represent directed
messages. The process, detailed in Algorithm 1, begins with a set of
seed speakers(the robots that initiate communication) Vseed ⊆ V. In
each round, a current speaker v ∈ V generates an utterance and
explicitly names a set of target robotsVtarget. These robots are added to
the graph, and an edge is created from v to each v0 2 V target. The
protocol schedules these new robots to speak in subsequent rounds,
thereby expanding the graph on demand. The dialog terminates
naturally when no new robots are addressed, signifying that a con-
sensus or saturation point has been reached.

To ensure efficiency and robustness, the protocol incorporates
several lightweight pruning and safety mechanisms, including a turn
limit on pairwise conversations to avoid deadlocks. This graph-based
approach provides a flexible yet structured mechanism for decen-
tralized team formation and task allocation, allowing complex coor-
dination plans to be negotiated without a central controller.

Algorithm 1. Autonomous Need-Driven Communication
Require: Overall robot pool R= fRð1Þ,Rð2Þ, . . . ,RðNÞg, robot
team T = fT ð1Þ,T ð2Þ, . . . ,T ðMÞg � R, robots intend to speak
K= fK ð1Þ,K ð2Þ, . . . ,K ðLÞg � T
Constants:
PM: Maximum communications for each robot pair
TM: Maximum total communications
1: Initialization
countðRðiÞ,RðjÞÞ  0, 8 ðRðiÞ,RðjÞÞ 2 R×R,
R(i) ≠ R(j)

total_count ← 0
K , queueðKÞ ⊳Convert to FIFO queue
2: while K≠+and total_count < TM
3: K ðiÞ  dequeue ðKÞ
4: receivers, contents ← message_generation(K(i)) contents (cor-

responding messages)
RðiÞ 2 R corresponding to K ðiÞ 2 K
5: R(i).add_memory(t, receivers, contents)
6: for each (R(j), c) ∈ (receivers, contents)
7: R(j).add_memory(t, R^(i), c)
8: if ðcountðRðiÞ,RðjÞÞ< PMÞ andRðjÞ=2K
9: enqueueðK,RðjÞÞ
10: count(R(i), R(j)) ← count(R(i), R(j)) + 1
11: count(R(j), R(i)) ← count(R(i), R(j))
12: total_count ← total_count + 1
13: end if
14: end for
15: end while

Evaluation metrics
To comprehensively evaluate the performance of different collabora-
tion strategies and algorithmic components, we define a unified set of
metrics applicable to both real-world and simulated environments.
These metrics capture task completion outcomes, coordination effi-
ciency, team adaptability, and resource utilization.

Evaluation protocol. We denote Nepi as the total number of
experimental episodes. Unless otherwise specified, we report the
mean value of each metric over episodes: X = 1

Nepi

PNepi

i= 1 Xi, where Xi is
the value computed in episode i. For time-indexed quantities in an
episode, we use t ∈ {1,…, TSi} to denote the temporal step index, and
TMi,t to denote the number of active robots (teammembers) at step t.

Metrics. In real-world experiments, we report a compact subset
due to physical constraints, while simulation additionally reports fine-
grained metrics. We define all major metrics below for completeness.
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See the Supplementary Sec. 4 for auxiliary metrics and extended
analysis.

• Success Rate (SR). The strict task success indicator. SRi = 1 if all
target objects are placed in reasonable locations in episode i,
otherwise SRi = 0. We report %SR= 100 � SR.

• Partial Success Rate (PS, simulation only). PSi =
Ksuc
i
Ki

, where Ki is the
number of objects that need to be rearranged in episode i, and
Ksuc

i is the number successfully placed in reasonable locations.We
report %PS= 100 � PS.

• Task Completion Time / Temporal Steps (TS). TSi is the number of
temporal steps until termination in episode i (successful termi-
nation or timeout). We report #TS =TS (smaller is better).

• Total Action Steps (AS, simulation only). ASi is the sum of action
steps executed by all robots in episode i (including steps until
timeout if unsuccessful). We report #AS =AS (smaller implies
lower energy/effort).

Data availability
The datasets generated in this study, along with the source data
underlying the figures and tables, have been deposited in the Zenodo
database under DOI 10.5281/zenodo.19240700 (https://doi.org/10.
5281/zenodo.19240700)70.

Code availability
The code used to reproduce the results of this study, along with the
source code underlying the figures and tables, has been deposited in
the Zenodo database under DOI 10.5281/zenodo.19240700 (https://
doi.org/10.5281/zenodo.19240700)70.
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