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Abstract

Multi-robot systems in complex physical collaborations face
a ”shared brain dilemma”: transmitting high-dimensional
multimedia data (e.g., video streams at 30MB/s) creates se-
vere bandwidth bottlenecks and decision-making latency. To
address this, we propose PIPHEN, an innovative distributed
physical cognition-control framework. Its core idea is to re-
place ”raw data communication” with ”semantic communica-
tion” by performing ”semantic distillation” at the robot edge,
reconstructing high-dimensional perceptual data into com-
pact, structured physical representations. This idea is primar-
ily realized through two key components: (1) a novel Physical
Interaction Prediction Network (PIPN), derived from large
model knowledge distillation, to generate this representation;
and (2) a Hamiltonian Energy Network (HEN) controller,
based on energy conservation, to precisely translate this rep-
resentation into coordinated actions. Experiments show that,
compared to baseline methods, PIPHEN can compress the
information representation to less than 5% of the original
data volume and reduce collaborative decision-making la-
tency from 315ms to 76ms, while significantly improving
task success rates. This work provides a fundamentally ef-
ficient paradigm for resolving the ”shared brain dilemma” in
resource-constrained multi-robot systems.

Introduction
Multi-robot systems performing collaborative tasks in com-
plex environments face a ”shared brain dilemma”: trans-
mitting high-dimensional multimedia perception data (e.g.,
a 1-second RGB-D video stream can be around 30MB) to
a central processing unit causes severe bandwidth bottle-
necks and decision-making latency, while fully distributed
architectures struggle to maintain global coordination ca-
pabilities (Dai et al. 2024; Dorigo, Theraulaz, and Trianni
2020; Ebrahim and Hafid 2024). This problem is particularly
prominent in critical application areas such as industrial au-
tomation (Nair 2024), medical surgical assistance (Attana-
sio et al. 2021; Zhou et al. 2020), and agricultural robotics
(Bonadies and Gadsden 2019). We argue that the key to solv-
ing this problem lies in shifting from the paradigm of ”trans-
mitting raw data” to a new paradigm of ”transmitting seman-
tic knowledge.”

*Corresponding author.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

Existing solutions primarily oscillate between centralized
methods that ”sacrifice communication for coordination”
(e.g., multi-modal fusion (Wang et al. 2020)) and distributed
methods that ”sacrifice coordination for communication”
(e.g., distributed learning (McMahan et al. 2017; Li et al.
2021)). In recent years, although planners based on Large
Language Models (LLMs), such as LLaMAR (Nayak et al.
2024), have shown great potential in task decomposition and
high-level reasoning, they generally treat robot actions as an
”atomic black box,” ignoring the physical reality and inter-
robot physical coupling behind action execution. They ex-
cel at generating logical sequences of ”what to do” but fail
to answer ”how to do it with physical precision,” nor do
they solve the underlying problem of efficiently sharing the
high-dimensional perceptual data required for such precise
collaboration. When dealing with complex, highly dynamic
physical interaction tasks, these methods generally overlook
temporal consistency and uncertainty management (Abdar
et al. 2021; Lakshminarayanan, Pritzel, and Blundell 2017),
which are critical for achieving robust system performance.

To this end, this paper proposes PIPHEN (Physical Inter-
action Prediction with Hamiltonian Energy Networks), an
innovative distributed physical cognition-control framework
designed to address the aforementioned dilemma. Through
an elegant perception-cognition-control closed-loop design,
it achieves a paradigm shift in information representation.
For instance, instead of compressing data files, it distills a
1-second RGB-D raw video stream (approx. 30MB) into
structured graph data describing object states and relation-
ships (approx. 1MB), thereby compressing the effective rep-
resentation of critical information to less than 5% of the
original data volume. First, its core Physical Interaction
Prediction Network (PIPN) performs semantic distilla-
tion at the robot edge. Subsequently, the Hamiltonian En-
ergy Network (HEN) receives this representation and gener-
ates energy-conserving, physically consistent collaborative
control commands. The entire framework is efficiently de-
ployed through a three-layer ”micro-brain” architecture and
utilizes our designed three-stage ”Generate-Purify-Deploy”
knowledge transformation process to successfully endow
resource-constrained edge devices with the physical cogni-
tion capabilities of large models.

The main contributions of this paper include:
(1)A novel distributed framework, PIPHEN: With ”se-
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mantic distillation” as its core idea, it provides an effective
paradigm for solving the ”shared brain dilemma” in multi-
robot systems;

(2)Physical Interaction Prediction Network (PIPN):
Through hybrid physical representation and physics-
constrained modeling, it achieves a precise and compact un-
derstanding of physical interactions;

(3)Hamiltonian Energy Network (HEN) based on hy-
brid physical representation: It uniquely applies the prin-
ciple of Hamiltonian energy conservation to multi-robot col-
laborative control based on compact semantic representa-
tions, theoretically guaranteeing the physical realism and
stability of the control policy;

(4)An efficient three-stage LLM knowledge transfor-
mation process: Through ”Generate-Purify-Deploy,” it suc-
cessfully deploys the powerful physical cognition capabili-
ties of large models onto resource-constrained robots.

Experimental results show that our method, while dras-
tically reducing communication bandwidth and decision la-
tency (e.g., collaborative decision latency is reduced from
315ms for centralized methods like Concentrative Coordi-
nation (Yuan et al. 2022) to 76ms), significantly improves
task success rates and control precision.

Related Work
Intuitive Physics Understanding
An AI’s intuitive understanding of the physical world is fun-
damental to its interaction with the environment. Current re-
search primarily follows three paradigms: structured mod-
els understand the world by embedding explicit physical
representations in neural networks (Xue et al. 2023; Gar-
rido et al. 2025), which enhances interpretability but may
lack flexibility; pixel-based generative models directly pre-
dict future perceptual inputs (Gao et al. 2022; Kipf, van der
Pol, and Welling 2020), which are highly adaptable but of-
ten face challenges in physical consistency and computa-
tional efficiency. Recently, representation learning methods
have shown great potential. For example, some studies have
demonstrated that models can naturally develop an intuitive
physical understanding through self-supervised pre-training
on natural videos (Garrido et al. 2025). By predicting miss-
ing parts of a video in the learned representation space, the
model can understand properties like object permanence and
shape consistency, proving that models can acquire physical
intuition similar to human infants without hard-coded phys-
ical knowledge.

Physics-based Robot Control
Translating physical understanding into effective robot con-
trol strategies is an ongoing challenge. In recent years,
energy-based control frameworks have shown great poten-
tial due to their ability to express system dynamics through
conservation principles (Greydanus, Dzamba, and Yosin-
ski 2019; Cranmer et al. 2020). For example, Hamilto-
nian Neural Networks (HNNs) can learn system dynamics
while adhering to energy conservation. Researchers have
further proposed port-Hamiltonian neural ODE networks
based on Lie groups (Duong et al. 2024), which embed

physical constraints directly into the network architecture,
providing a unified method for stabilization and trajectory
tracking for various robot platforms. Meanwhile, the ap-
plication of Physics-Informed Neural Networks (PINNs)
has been extended to robot modeling and control, achiev-
ing precise control performance by combining traditional
and emerging technologies, and has been validated in real-
world experiments (Liu, Borja, and Della Santina 2024).
Additionally, physics-informed neural controllers have been
successfully applied to complex tasks such as robotic de-
ployment of deformable linear objects (Tong et al. 2024).
Unlike other works that apply Hamiltonian principles to
multi-robot systems focusing on stabilization or decentral-
ized learning (Sebastián et al. 2025, 2023; Furieri et al.
2022), our work uniquely utilizes the HEN as a collabora-
tive controller that translates high-level, distilled semantic
knowledge from the PIPN into energy-conserving actions
for complex, physically-coupled tasks, rather than focusing
purely on state-based stabilization.

Language Models for Multi-agent Planning
Recently, leveraging Large Language Models (LLMs) for
multi-agent planning has become a significant research di-
rection. Cutting-edge methods such as RoCo (Mandi, Jain,
and Song 2024), CoELA (Zhang et al. 2024), as well as
SmartLLM (Kannan, Venkatesh, and Min 2024) and LLa-
MAR (Nayak et al. 2024), have achieved remarkable suc-
cess in decomposing complex natural language instructions
into logical subtask sequences. They utilize the powerful
common-sense reasoning and planning capabilities of LLMs
to coordinate the macro-level behaviors of agents. However,
these works primarily focus on high-level ”task planning”
and generally treat low-level ”action execution” as a solved,
deterministic ”black box.” As stated in LLaMAR’s introduc-
tion, its core contribution lies in the planning and reasoning
loop, which excels at determining ”what to do next.” How-
ever, for problems involving underlying physical dynamics
and multi-body coupling, it lacks effective modeling meth-
ods for ”how to do it,” nor does it address the underlying
information-sharing problem necessary to realize the plan.

Method
To solve the ”shared brain dilemma” in multi-robot col-
laboration, we propose the PIPHEN distributed physical
cognition-control framework. As mentioned in the introduc-
tion, the core idea of this framework is to perform ”se-
mantic distillation” at the robot edge, transforming high-
dimensional perceptual data into low-dimensional, struc-
tured physical semantic information, and sharing only this
highly compressed knowledge across the network to achieve
efficient collaboration. The size of this representation scales
linearly with the number of objects in the scene, remain-
ing low in typical industrial assembly scenarios (¡50 objects)
and ensuring the method’s scalability.

System Architecture Overview
PIPHEN adopts a hierarchical ”micro-brain” architecture,
which, while ensuring global coordination, significantly re-
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Figure 1: The overall architecture of the PIPHEN framework, comprising two core components: the Physical Cognition Engine
(PIPN) and the Physics-Constrained Controller (HEN). The PIPN (top half) is responsible for distilling multi-modal sensory
inputs (e.g., RGB-D video, force data, and point clouds) into a compact, structured physical representation, and predicting future
physical states and their uncertainties through spatio-temporal modeling. The HEN (bottom half) receives this representation as
input and, based on the principle of Hamiltonian energy conservation (dH/dt ≈ 0), generates physically consistent and stable
collaborative control commands. The entire process showcases a complete closed loop from high-dimensional raw perception
to low-dimensional semantic knowledge, and then to precise physical control, aimed at efficiently resolving the ”shared brain
dilemma” in multi-robot systems.

duces the collaborative decision latency from 315ms in cen-
tralized methods like Concentrative Coordination to just
76ms. This architecture primarily consists of three coop-
erative layers: the top-level Central Coordination Layer
(”Brain”) is responsible for global knowledge fusion and
generating a collaborative strategy; the middle Local Execu-
tion Layer (”Cerebellum”) is deployed on each robot, run-
ning a lightweight PIPN for real-time perception and a HEN
for real-time control; additionally, there is a Specialized Pro-
cessing Layer (”Micro-Brain”), which provides dynamically
loadable function modules that can be invoked across robots,
endowing the system with high flexibility and scalability.

Distributed Physical Interaction Prediction
Network (PIPN)
The PIPN is the perceptual and cognitive core of the system,
responsible for efficiently constructing an interpretable and

compact model of the physical world from multi-modal data.

Hybrid Physical Representation To balance inter-
pretability and computational efficiency, PIPN constructs
an innovative hybrid physical representation: it fuses a
structured Physical Knowledge Graph (representing ob-
ject properties and relationships) with a Task Vector Em-
bedding generated by a Transformer encoder (capturing dy-
namics and contextual information). Specifically, these two
representations are fused through a Cross-Attention module,
where the vector embedding acts as the Query to dynam-
ically aggregate the most relevant physical attributes from
the knowledge graph.

Physical Relationship and Temporal Modeling To accu-
rately model dynamic interactions, we designed a Physics-
aware Graph Convolutional Network (PhysGCN). Our
PhysGCN consists of L graph convolutional layers, each in-
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tegrating our proposed relational attention module, which
encodes physical constraints (such as mass ratio, relative ve-
locity, etc.) as part of the attention weights, enabling the net-
work to prioritize aggregating information from physically
more relevant nodes. Its top-level formula is:

R = PhysGCN({f i
p}, A,E; θg) (1)

where R is the relational representation, {f i
p} are the initial

physical features, A is the adjacency matrix, E are the edge
features, and θg are the network parameters. Subsequently,
a Physics-Consistent Temporal Convolutional Network (PC-
TCN) is responsible for predicting the dynamic evolution.

This network, through our proposed dynamic causal
masking mechanism, adaptively adjusts its temporal recep-
tive field to more accurately capture the causal relationships
of physical interactions.

Loss Function with Energy-Momentum Conservation
To guide PIPN in learning physically realistic dynamic pre-
dictions, we introduce a regularization term based on physi-
cal conservation laws in addition to the traditional prediction
loss Lpred. The final loss function L is a weighted sum:

L = Lpred + λphyLphy (2)
where λphy is a hyperparameter set to 0.1.

The prediction loss Lpred measures the L2 discrepancy be-
tween the predicted states (position pi, pose qi) and the true
states for N objects over T timesteps:

Lpred =
1

N · T

T∑
t=1

N∑
i=1

(
||p̂ti − pti||22 + ||q̂ti − qti ||22

)
(3)

where p̂ti, q̂
t
i are the predicted values, and pti, q

t
i are the

ground truth values.
The physics-consistency loss Lphy penalizes violations of

energy and momentum conservation:
Lphy = wELE + wMLM (4)

Energy Conservation Loss LE: We approximate the total
system energy Et

total (kinetic and potential) and penalize its
change over time:

Et
total =

N∑
i=1

(
1

2
mi(v

t
i)

2 +migh
t
i

)
(5)

LE =
1

T − 1

T−1∑
t=1

(Et+1
total − Et

total)
2 (6)

where mi, v
t
i , h

t
i are the mass, velocity, and height of object

i at time t.

Momentum Conservation Loss LM : For any colliding
object pair (i, j), we enforce momentum conservation be-
tween the pre-collision (tpre) and post-collision (tpost) states:

LM =
∑

(i,j)∈collisions

∥∥(miv̂
tpost
i +mj v̂

tpost
j )−(miv

tpre
i +mjv

tpre
j )

∥∥2
2

(7)
where v̂ is the predicted velocity and v is the input veloc-

ity . By minimizing L, PIPN learns dynamics that conform
to physical laws. (Further details are in Appendix A).

Large Model-Enhanced Edge Physics Cognition To
achieve complex physical reasoning on resource-constrained
robots, we designed a ”Generate-Purify-Deploy” three-
stage knowledge transformation process:
1. Large-Scale Knowledge Corpus Generation: Utilize

large generative models (e.g., Claude-3.7-Sonnet) to gen-
erate large-scale, diverse interaction scenarios in simula-
tion to address the problem of sparse physical interaction
data.

2. Physics-Reasoning-Based Knowledge Purification:
Use a foundation model with strong logical reasoning ca-
pabilities (e.g., GPT-4o) to act as a ”Physics Verifier,”
evaluating and filtering the physical consistency of the
generated data to build a high-quality ”expert knowledge
base.”

3. Efficient Knowledge Distillation for the Edge: Finally,
distill the purified expert knowledge and ”inject” it into a
lightweight edge multi-modal model (Qwen2.5-VL-3B)
using knowledge distillation techniques.

Uncertainty Decomposition and Collaborative Learning
To enhance the system’s robustness in the real world, we
decompose the prediction uncertainty into three parts: per-
ception, model, and environment. We use their linear sum
(Utotal = Uperc + Umodel + Uenv) as an approximate estimate
of the total uncertainty, which is a common simplification
in ensemble learning and Bayesian approximation to ensure
model tractability (Lakshminarayanan, Pritzel, and Blundell
2017; Abdar et al. 2021). We quantify Uperc, Umodel, and Uenv
using established methods of Monte Carlo Dropout, Deep
Ensembles, and direct distributional prediction, respectively.
We validate the effectiveness of this design in our abla-
tion studies. Concurrently, we employ a hybrid paradigm of
federated learning and knowledge distillation for collabora-
tive training. (The specific methods for quantifying uncer-
tainty and the details of the collaborative learning frame-
work are elaborated in Appendix B).

Hamiltonian Energy Network (HEN)
The Hamiltonian Energy Network (HEN) works in close
collaboration with the PIPN and serves as the control exe-
cution core of the PIPHEN system. The HEN receives the
physical knowledge representation from the PIPN as in-
put, translating physical understanding into precisely coordi-
nated action control while ensuring energy conservation and
action stability, thus forming a complete perception-control
loop. Its core is based on Hamiltonian mechanics, model-
ing the state of the entire system and its total energy H , and
ensuring the physical consistency of control in the following
form:

ẋ = f(x, u) s.t.
dH

dt
≈ 0 (8)

where x is the system’s state vector, which includes gener-
alized coordinates and momentum. In Hamiltonian mechan-
ics, these two sets of variables together define the system’s
Phase Space, a ”map” that can completely describe all dy-
namic states of the system. The core task of HEN is to learn
the system dynamics that follow energy conservation within
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this phase space. And u is the control command vector. The
constraint dH

dt ≈ 0 requires that the control commands must
conserve the total energy of the system, thereby fundamen-
tally guaranteeing the smoothness, stability, and physical re-
alism of the coordinated actions. We train the HEN policy
using Imitation Learning (Behavior Cloning). Expert data
is generated in a two-stage process: first, a PDDL planner
creates symbolic actions, which TrajOpt then converts into
optimal physical trajectories.

In implementation, we guide the network to learn an
energy-conserving control policy by adding a penalty term
λ||dHdt ||

2 to the Imitation Learning loss function, thus
achieving efficient Energy-based coordination between the
central layer and local robots. (The specific network struc-
ture of HEN, detailed training process, and implementation
details of the Hamiltonian equations are elaborated in Ap-
pendix C).

In summary, in a typical workflow, the PIPN first dis-
tills a hybrid representation containing physical knowledge
from multi-modal data and predicts its dynamic evolution.
Subsequently, the HEN receives this compact representation
and generates energy-conserving, physically consistent col-
laborative control commands. Finally, these commands are
distributed to each robot for execution through the underly-
ing distributed communication mechanism. This perception-
cognition-control closed-loop design ensures the efficiency,
robustness, and physical realism of the entire system in com-
plex physical interactions.

Distributed Communication and Sharing
PIPHEN’s efficient operation relies on its innovative com-
munication mechanism. We adopt a hierarchical commu-
nication strategy, dividing physical knowledge into a ”core
semantic layer” that must be shared in real-time and a
”detailed supplementary layer” that is transmitted on de-
mand. In addition, the system introduces an incremental
update mechanism, transmitting only the changes in phys-
ical knowledge to avoid redundant information transfer. To
achieve efficient selective sharing, we also designed an in-
formation value assessment module, which decides which
knowledge is most worthy of transmission based on its task
relevance, novelty, and redundancy. (The specific imple-
mentation and quantification methods of the information
value assessment module are detailed in Appendix D).

At the sharing mechanism level, each robot maintains a
local physical knowledge base and uses technologies like
Distributed Hash Tables (DHT) to achieve efficient cross-
robot knowledge retrieval and indexing. This mechanism not
only promotes physical cognition sharing among robots but
also further enhances information access efficiency and sys-
tem fault tolerance.

In summary, in a typical workflow, the PIPN first dis-
tills a hybrid representation containing physical knowledge
from multi-modal data and predicts its dynamic evolution.
Subsequently, the HEN receives this compact representation
and generates energy-conserving, physically consistent col-
laborative control commands. Finally, these commands are
distributed to each robot for execution through the underly-
ing distributed communication mechanism. This perception-

cognition-control closed-loop design ensures the efficiency,
robustness, and physical realism of the entire system in com-
plex physical interactions.

Experiments
To comprehensively evaluate the performance of the
PIPHEN framework and directly compare it with state-of-
the-art multi-agent methods based on Large Language Mod-
els (LLMs), we adopted the highly challenging experimental
setup used by LLaMAR (Nayak et al. 2024). Our core ob-
jective is to demonstrate that by endogenizing physical cog-
nition and energy conservation principles into the decision-
making process, PIPHEN can surpass SOTA methods that
primarily rely on LLMs for posterior reasoning on these
complex benchmarks.

Experimental Setup
MAP-THOR Benchmark To evaluate the performance
of our method and benchmark it against other baselines,
we adopted the MAP-THOR (Multi-Agent Planning tasks
in AI2-THOR) benchmark dataset. Although Smart-LLM
(Kannan, Venkatesh, and Min 2024) introduced a dataset
of 36 tasks categorized by complexity in AI2-Thor (Kolve
et al. 2017), these tasks are limited to single-floor layouts.
This limitation hinders the testing of a planner’s robustness
across different room layouts.

In contrast, MAP-THOR includes tasks that can be solved
by single or multiple agents. We categorize tasks into four
classes based on the ambiguity of the language instructions.
To test the planner’s robustness, we provide five different
floor plans for each task. We also integrated an auto-check
module to verify sub-task completion and evaluate planning
quality. This dataset contains 45 tasks, each defined for five
unique floor plans, ensuring comprehensive testing and eval-
uation. For this task, the PIPN is specifically trained to pre-
dict the future 6D pose (position and orientation) and veloc-
ity for all relevant object nodes in the scene.

We conducted experiments on tasks of varying diffi-
culty levels, where an increase in task difficulty corre-
sponds to an increase in the ambiguity of language in-
structions: from explicitly specifying item type, quantity,
and target location (e.g., put the bread, lettuce,
and one tomato in the fridge), to progressively
omitting item quantity (e.g., put all apples in the
fridge), omitting item type and quantity (e.g., put all
groceries in the fridge), and finally, omitting all
elements entirely (e.g., clean the floor). A complete
list of categorized tasks can be found in Appendix E.

Search and Rescue (SAR) Environment To demonstrate
the effectiveness of PIPHEN over explicit coordination in
multi-agent settings, we evaluated it in a partially observ-
able grid-world search and rescue and fire-fighting environ-
ment. Depending on the scenario, the environment contains
a mix of missing persons to be found and wildfires that must
be extinguished before they spread. In this grid-world set-
ting, the PIPN is modeled to predict the future values of grid
cells, such as the spread of fire or changes in cell state. More
details on this environment are provided in Appendix F.
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All simulation experiments were conducted in the AI2-
THOR environment, supported by our 4-card A800-80G
server (see Appendix G for details). Meanwhile, more
physics-fidelity-focused experiments conducted in NVIDIA
Isaac Sim are provided as supplementary material.

Evaluation Metrics and Baseline Methods
Evaluation Metrics We use the following widely recog-
nized metrics in the multi-agent planning domain to com-
prehensively evaluate algorithm performance: Success Rate
(SR, %), the proportion of trials where all sub-tasks were
successfully completed; Transport Rate (TR, %), the pro-
portion of sub-tasks completed in a single task trial, provid-
ing a finer granularity of task completion; Coverage (C, %),
the proportion of successful interactions with target objects,
a metric particularly useful in scenarios where objects are
implicitly specified; Balance (B), which measures the bal-
ance of successful actions performed by each agent, defined
as min{si}/max{si}, where 1 indicates perfect balance;
and Average Steps (S), the number of high-level actions
taken by the team to complete the task, capped at 30. For
all evaluation metrics, we report the average values across
tasks. To ensure the rigor of our results, detailed results
for all core experiments, including 95% confidence inter-
vals, are provided in Appendix H. For binomial distribution
metrics like Success Rate (SR), we use the Clopper-Pearson
method to calculate the confidence intervals.

Baseline Methods We compare PIPHEN against the full
suite of SOTA baseline methods used in the LLaMAR pa-
per, including LLaMAR itself. These baselines include:
Act/ReAct/CoT, representing different prompt engineer-
ing strategies for LLM Agents; SmartLLM (Kannan,
Venkatesh, and Min 2024), an LLM Agent employing a
”plan-and-execute” paradigm; CoELA (Zhang et al. 2024),
a decentralized multi-agent LLM framework; and LLaMAR
(Nayak et al. 2024), one of the current state-of-the-art mod-
ular cognitive architectures that integrates planning, exe-
cution, and correction through specialized LLM roles. The
implementation details of all baseline methods follow their
original papers to ensure a fair comparison.

Experimental Results and Analysis
Analysis of Model Selection in the Knowledge Transfor-
mation Process To investigate the dependency and robust-
ness of PIPHEN’s core ”Generate-Purify-Deploy” three-
stage knowledge transformation process on the underlying
large models, we adopted the experimental approach from
LLaMAR and tested the framework’s performance using
different models at each stage. As shown in Table 1, we com-
pared the performance of different model combinations.

The experimental results clearly show that although re-
placing models leads to some performance degradation, the
overall framework of PIPHEN exhibits good robustness.
Among the stages, ”Purify” and ”Deploy” are more sensi-
tive to model capability, which aligns with our design expec-
tations: the ”Purify” stage requires strong logical reasoning
ability to ensure the physical reality of the knowledge, while
the edge model in the ”Deploy” stage directly determines the

Model Config (Generate/Purify/Deploy) SR
(%) ↑

TR
(%) ↑

C
(%) ↑ B ↑

Default (Claude-3.7
/ GPT-4o / Qwen2.5-VL) 75 95 98 0.89

GPT-4o / GPT-4o / Qwen2.5-VL 73 93 97 0.88
Claude-3.7 / Claude-3.7 / Qwen2.5-VL 70 90 96 0.85
Claude-3.7 / GPT-4o / Qwen2.5-0.5B 68 88 94 0.86

Table 1: The impact of different model selections in the
”Generate-Purify-Deploy” process on PIPHEN’s perfor-
mance.

system’s perceptual and cognitive upper limit at the termi-
nal. Even with sub-optimal model combinations, PIPHEN’s
performance is still significantly better than most baseline
methods, which proves the effectiveness of its framework
design, rather than merely relying on a specific powerful
model.

Comparison with State-of-the-Art Methods Table 2
clearly shows the performance comparison of PIPHEN with
all baseline methods, including LLaMAR. The results are
significant: PIPHEN achieves the best performance on all
key metrics.

Methods Success Transport Coverage Balance Steps
Rate (%) Rate (%) (%)

Act 33(19, 49) 67(59, 76) 91(86, 95) 0.59(0.52, 0.66) 24.8(22.1, 27.7)
ReAct 34(20, 50) 72(64, 81) 92(87, 96) 0.67(0.59, 0.74) 24.3(21.5, 27.2)
CoT 14(6, 25) 59(48, 71) 87(80, 93) 0.62(0.54, 0.71) 26.9(24.1, 29.8)
SmartLLM 11(4, 21) 23(14, 35) 91(85, 96) 0.45(0.37, 0.54) 28.5(25.8, 30.0)
CoELA 25(13, 40) 46(35, 58) 76(68, 84) 0.73(0.65, 0.82) 25.7(22.9, 28.6)
LLaMAR 66(50, 80) 91(83, 96) 97(93, 99) 0.82(0.75, 0.89) 21.9(18.8, 26.4)

PIPHEN (ours) 75(61, 86) 95(89, 99) 98(94, 100) 0.89(0.82, 0.95) 20.1(17.3, 23.2)

Table 2: Performance comparison of PIPHEN with SOTA
baseline methods in the 2-agent MAP-THOR scenario. For
all metrics, higher is better (except for Steps, where lower
is better). The best results are shown in bold. The values in
parentheses are the 95% confidence intervals.

Analyzing the fundamental reason, although LLaMAR
achieves powerful planning capabilities through its modular
LLM roles, it is essentially ”reactive”—it relies on posterior
reasoning from current visual-language information to de-
cide the next action, lacking ”foresight” into the evolution
of physical dynamics. When a task requires precise predic-
tion of the consequences of physical interaction (e.g., where
an object will roll to after being pushed), LLaMAR’s LLM
module can only provide a vague judgment based on com-
mon sense.

In contrast, our PIPHEN, with its Physical Interaction
Prediction Network (PIPN), can construct a precise, differ-
entiable model of the physical world, thus predicting rather
than guessing the outcome of physical interactions. Further-
more, its Hamiltonian Energy Network (HEN) ensures that
all control commands are physically coherent and energy-
conserving, avoiding the invalid or unstable actions common
in traditional methods. It is this paradigm shift from ”pas-
sive reaction” to ”active prediction” that enables PIPHEN

18175



Figure 2: Comparison of PIPHEN and LLaMAR’s perfor-
mance on the spatial reasoning task: “Put the plate, mug, and
bowl in the fridge” execution process. The top row shows
LLaMAR: repeated failures due to spatial obstructions force
single-agent execution, causing severe imbalance (Balance
B=0.33). The bottom row shows PIPHEN: precise physi-
cal modeling helps avoid conflicts, achieving balanced al-
location (Balance B=0.85). This comparison clearly demon-
strates the significant impact of physical perception capabil-
ities on the efficiency of multi-agent collaboration.

to achieve a 13.6% improvement in Success Rate (SR) over
LLaMAR and to perform better in task allocation balance
(B) due to its efficient intrinsic coordination mechanism.

Ablation Study of the PIPHEN Framework To verify
the indispensability of each design component of PIPHEN,
we conducted a systematic ablation study (see Table 3).
We not only removed key modules of the framework but
also introduced an ”Oracle” version as a performance up-
per bound reference. In this version, we simulate the perfor-
mance upper bound through an idealized setup: we replace
the PIPN module with an ”Oracle” that directly reads the fu-
ture ground-truth state from the simulator’s physics engine.
This means the HEN controller receives absolutely precise,
error-free physical information, thereby measuring the con-
trol performance limit under perfect perception and cogni-
tion.

Method Variant
Task

Completion
Rate (%)

Control
Precision

(cm)

Comm.
Load

(MB/s)

Data
Efficiency

(Samples K)

PIPHEN (Oracle) 98.2 1.1 1.7 -
PIPHEN (Full) 92.6 3.2 1.8 78
w/o Uncertainty Decomposition 89.1 4.1 1.8 82
w/o Hybrid Physical Representation 78.4 6.5 1.9 165
w/o Hamiltonian Energy Network 82.1 5.7 2.2 94
w/o Micro-brain Ecosystem 85.8 3.9 5.4 87
w/o LLM Enhancement 86.3 4.4 2.6 126

Table 3: Ablation study results for key components of
the PIPHEN framework (bold indicates best performance).
The Oracle version represents the ideal performance upper
bound(in MAP-THOR simulation).

The results strongly demonstrate that the two cornerstones
of our framework—the Hybrid Physical Representation
centered on ”semantic knowledge” and the Hamiltonian
Energy Network centered on ”energy conservation”—are
crucial for achieving efficient and robust robot collabora-
tion. Removing either component leads to a significant drop

Figure 3: Real-world deployment: Two XLeRobot manipu-
lators collaboratively completing a tableware setting task us-
ing PIPHEN. By sharing compact physical semantics (∼5%
data volume) rather than high-dimensional video streams,
PIPHEN enables precise, smooth multi-step collaboration,
effectively addressing the “shared brain dilemma” in physi-
cal interactions.

in performance. It is noteworthy that the performance of the
full PIPHEN version is very close to the ideal Oracle ver-
sion, which fully illustrates the effectiveness of its Phys-
ical Interaction Prediction Network. The comparison with
the results after removing the hybrid physical representa-
tion highlights that this ”semantic knowledge”-based repre-
sentation method can more effectively capture and utilize
physical laws compared to traditional state representations.
Similarly, the significant decrease in control precision af-
ter removing the Hamiltonian Energy Network also proves
that the principle of energy conservation is indispensable
for generating stable and precise control policies. Further-
more, we validated our uncertainty modeling. The variant
”w/o Uncertainty Decomposition,” which replaces the lin-
ear sum with a single, unified uncertainty prediction, shows
a noticeable drop in both task completion and control pre-
cision. This result validates that our assumption of decom-
posing uncertainty into independent perception, model, and
environment components provides a more effective and ro-
bust representation for the controller.

Scalability Analysis with Agent Count We further inves-
tigated the performance of PIPHEN with a varying number
of agents.PIPHEN demonstrated excellent scalability.

It is noteworthy that in the crowded MAP-THOR environ-
ment (4-5 agents), the performance degradation of PIPHEN
is much smaller than that of methods like LLaMAR (their
results are in Appendix I). This is because as the number
of agents increases, the LLM’s context window is quickly
filled with redundant observational information, leading to a
decline in its decision-making quality. In contrast, PIPHEN,
through its efficient semantic communication mechanism,
exchanges only critical physical knowledge, thus avoiding
this bottleneck and demonstrating a huge advantage in scal-
ability.

Analysis of Spatial Reasoning and Task Allocation
Balance: Further analyzing the reasons for the decline in
the Balance (B) metric, we found that PIPHEN has a signif-
icant advantage over LLaMAR in maintaining task alloca-
tion balance. This advantage primarily stems from the fun-
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damental difference in their spatial reasoning capabilities.
As shown in the ”Put plate, mug, bowl in fridge” task in Fig-
ure 2, when the workspace becomes crowded, LLaMAR’s
text-based spatial understanding is severely limited.

Specifically, LLaMAR faces the following limitations
when handling such tasks: (1) Text-based spatial reasoning
struggles to accurately judge the 3D geometric relationships
between objects; (2) It lacks precise modeling of physical
obstruction and path planning; (3) When one agent repeat-
edly fails or waits due to being blocked, LLaMAR cannot
effectively reallocate tasks, causing the other agent to com-
plete multiple sub-tasks in a row. This phenomenon occurs
in all tasks that are prone to triggering the limitations of spa-
tial reasoning, leading to severely imbalanced task alloca-
tion.

In contrast, PIPHEN’s Physical Interaction Prediction
Network (PIPN) can construct a precise 3D spatial represen-
tation, predicting the physical consequences of agent move-
ment and object manipulation. When a potential spatial con-
flict is detected, the system can proactively adjust the task
allocation strategy to ensure that the workload of the two
agents remains relatively balanced. In the experiment shown
in Figure 2, PIPHEN’s balance metric (B=0.85) is signifi-
cantly higher than LLaMAR’s (B=0.33), fully verifying the
important role of physical perception ability in maintaining
multi-agent collaboration balance. Other experimental anal-
yses are in Appendix K.

Real-World Deployment Validation To validate the fea-
sibility and robustness of the PIPHEN framework in the real
world, we conducted a collaborative tableware setting task
on two XLeRobot single-arm mobile manipulation robots.
Our policy, trained entirely in simulation, is deployed di-
rectly to the robot with only minor tuning. We leverage Do-
main Randomization and System Identification methods to
enable this effective sim-to-real transfer. The task required
the two robots to collaboratively and precisely place four
sets of tableware (including plates, cups, and cutlery) in a
real tabletop environment. This is a typical daily life sce-
nario that requires physical collaboration between multiple
robots.

The key challenges of the experiment were: (1) The robots
needed to accurately perceive the position, shape, and place-
ment state of various tableware on the table; (2) The two
robots needed to avoid collisions within a limited workspace
while efficiently dividing the labor; (3) The placement of
each piece of tableware involved fine physical manipulation,
requiring precise force and position control. More impor-
tantly, the entire collaborative process had to be completed
without relying on high-bandwidth central communication,
which is the core problem the PIPHEN framework is de-
signed to solve.

As shown in Figure 3, the experiment was remarkably
successful. The two robots demonstrated a high degree of
coordination and precision throughout the task execution.
Specifically, the performance of the PIPHEN framework
was manifested in the following aspects:

Efficient Information Sharing: During the experiment,
each robot’s local PIPN module distilled its observed RGB-

D data (approx. 25MB/s) into a structured physical represen-
tation (approx. 1.2MB/s), reducing the communication load
by over 95%. This allowed the two robots to share critical
scene understanding information in real-time over a standard
Wi-Fi network.

Precise Physical Control: With the help of the HEN
module’s energy-conserving control strategy, the robots ex-
hibited excellent stability when grasping and placing table-
ware. For example, when placing fragile porcelain cups,
HEN ensured a smooth change in force, avoiding sudden
impacts, with a success rate of 100%.

Intelligent Collaborative Strategy: Through the shared
physical semantic representation, the two robots were able
to understand each other’s intentions and current operational
status in real-time, thus dynamically adjusting their own be-
havior to avoid conflicts. The entire task of setting four place
settings was completed in an average of 350 seconds, an ef-
ficiency far exceeding that of traditional centralized control
methods.

This real-world experiment not only validated the techni-
cal feasibility of the PIPHEN framework but, more impor-
tantly, demonstrated its enormous potential in solving prac-
tical multi-robot collaboration problems. It lays a solid foun-
dation for the transition of PIPHEN from academic research
to practical application.

Discussion
Limitations and Scalability. A notable limitation concerns
the scalability of the graph-based representation. While the
current framework proves effective for typical scenarios
(e.g., <50 objects), its performance may encounter bottle-
necks as the number of interacting agents and objects in-
creases dramatically. Future research should focus on miti-
gation strategies. Potential solutions include the adoption of
sparse graph representations based on spatial proximity, the
refinement of hierarchical communication protocols, and the
integration of proactive graph pruning mechanisms, such as
the information value assessment module proposed in our
method.
Future Directions. Future work will focus on enhancing
the knowledge “Purify” stage. While the current LLM-based
“Physics Verifier” offers efficiency and semantic reasoning,
incorporating a dedicated physics simulator remains a valu-
able direction. Complementing the LLM with simulation-
based validation could further enhance the physical consis-
tency and reliability of the expert knowledge base.

Conclusion
This paper introduces PIPHEN, a distributed framework de-
signed to address the ”shared brain dilemma” in multi-robot
systems. By using a hybrid physical representation to com-
press data to under 5% of its original volume, enhancing
edge processing with large models, and coordinating actions
via a Hamiltonian Energy Network, the framework main-
tains high task success rates while significantly reducing
communication overhead. This provides a practical solution
for multimedia data processing in multi-robot physical inter-
actions.
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