Rhythm: Learning Interactive Whole-Body Control
for Dual Humanoids
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Fig. 1: The proposed framework, Rhythm, facilitates a spectrum of humanoid—humanoid interactions. (a—c) Contact-Rich Interaction: The method handles
interactions ranging from light contact (Greeting) to intensive contact (Hug, Shoulder-to-Shoulder), maintaining fine-grained contact geometry without
penetration (shown in the zoomed-in views). (d) Coordinated Interaction: The humanoids perform synchronized long-horizon dance (La La Land), with
trajectories showing consistent spatiotemporal alignment and stable relative positioning over time.

Abstract—Realizing interactive whole-body control for multi- advancements have significantly enhanced the agility of indi-
humanoid systems is critical for unlocking complex collab- vidual robots, bridging the gap to physically coupled multi-
orative capabilities in shared environments. Although recent humanoid interaction remains challenging, primarily due to
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severe kinematic mismatches and complex contact dynamics. To
address this, we introduce Rhythm, the first unified framework
enabling real-world deployment of dual-humanoid systems for
complex, physically plausible interactions. Our framework inte-
grates three core components: (1) an Interaction-Aware Motion
Retargeting (IAMR) module that generates feasible humanoid
interaction references from human data; (2) an Interaction-
Guided Reinforcement Learning (IGRL) policy that masters
coupled dynamics via graph-based rewards; and (3) a real-world
deployment system that enables robust transfer of dual-humanoid
interaction. Extensive experiments on physical Unitree G1 robots
demonstrate that our framework achieves robust interactive
whole-body control, successfully transferring diverse behaviors
such as hugging and dancing from simulation to reality.

I. INTRODUCTION

Humanoid robotics has witnessed rapid evolution, achieving
remarkable milestones in single-agent capabilities. Recent
research has established a strong foundation in dynamic lo-
comotion [12, 19, 23, 40, 48] and general whole-body control
[8, 17,22, 26, 36, 55], significantly enhancing the agility and
robustness of individual robots. However, the broader vision of
embodied intelligence necessitates agents that can operate be-
yond isolation [5, 37]. Realizing multi-agent systems capable
of physical collaboration represents a critical next step. Yet,
research in this domain remains disproportionately focused on
single-robot tasks.

Despite growing interest in multi-agent interaction, current
solutions are largely confined to virtual environments or sim-
plified humanoid-object interactions. In computer graphics,
physics-based animation has achieved realistic simulations of
multi-character interactions [10, 25, , 50, 54], yet these
methods often prioritize visual fidelity over the strict physical
constraints necessary for real-world robotic deployment. In
robotics, although human-robot collaboration [9, ] and
competitive sports in structured environments [28, 39, 47]
have been explored, these typically involve a compliant hu-
man partner or passive objects. Research explicitly target-
ing multi-humanoid interaction remains scarce, and existing
works are predominantly validated only in simulation [29].
Consequently, achieving robust, physically coupled whole-
body control on real multi-humanoid hardware remains an
unbridged gap in the field.

Two fundamental challenges hinder the Sim-to-Real transi-
tion for dual-humanoid systems: (1) the scarcity of feasible
interaction data; and (2) the complexity of the training-to-
deployment paradigm. First, acquiring high-quality interaction
references is non-trivial. Directly transferring Human-Human
Interaction [38, 41, 45, 46] data to robots introduces severe
kinematic conflicts due to morphological differences between
humans and humanoids (see Sec. III-A). Standard retargeting
methods [3, 30, 49] struggle to preserve both individual
motion style and precise interaction geometry, yielding sub-
optimal motion references. Second, the learning and deploy-
ment pipeline presents significant hurdles. Existing tracking
policies [26, 44, 52] typically treat agents as isolated entities,
failing to model the intricate coupled dynamics essential for
close interaction. Meanwhile, a significant disparity exists

between the global observability available in simulation and
the asynchronous, ego-centric, partially observable reality of
real hardware, making the deployment unstable.

To address these challenges, we introduce Rhythm
(Interactive Whole-Body Control for Dual Humanoids), a
unified framework designed to empower dual humanoids to
execute complex, physically plausible interactions in real-
world scenarios. The framework explicitly models interaction
geometry and physical contact to achieve high-fidelity coupled
behaviors. First, to resolve kinematic conflicts in reference
generation, we introduce Interaction-Aware Motion Retar-
geting (IAMR). By explicitly modeling interaction geometry
and utilizing distance-aware dynamic weighting, this mod-
ule adaptively balances self-motion fidelity with interaction
geometry. The resulting geometrically consistent references
serve as a crucial prior, laying the physical foundation for
the subsequent training phase. Building upon this, we develop
Interaction-Guided Reinforcement Learning (IGRL) to
master the complex dual-agent dynamics. This module directly
leverages the interaction geometry and contact preserved by
IAMR through explicit graph-based rewards, guiding agents
to learn synchronized and robust behaviors. Finally, to real-
ize dual-humanoid interactive whole-body control in the real
world, we implement a relative state estimation and inter-agent
synchronization scheme, effectively bridging the gap between
global simulation and ego-centric reality.

Fig. 1 illustrates the robustness of our framework in real-
world scenarios, successfully handling tasks ranging from
intensive contacts to synchronized long-horizon dancing. Our
main contributions are summarized as follows:

o« We propose Rhythm, a unified framework for whole-
body dual-humanoid interaction that, to our knowledge,
achieves the first successful robust transfer of complex
interactive behaviors to physical hardware.

o We develop IAMR to resolve kinematic conflicts and
generate humanoid-humanoid interaction motion refer-
ences. Furthermore, we release MAGIC, the Multi-
Humanoid Geometric Interaction Dataset, offering paired
raw and retargeted interaction data.

o We introduce IGRL, a multi-agent learning module that
masters coupled interaction dynamics. By incorporating
graph-based rewards, it enables agents to learn robust,
physically consistent interactive behaviors.

e We conduct extensive experiments on Unitree G1 hu-
manoids in simulation and on physical hardware. Quan-
titative and qualitative evaluations across diverse inter-
action tasks demonstrate the superior performance and
robustness of our framework.

II. RELATED WORK
A. Learning-Based Humanoid Control and Interaction

Learning-based whole-body control methods primarily
leverage Reinforcement Learning (RL) to endow humanoid
robots with diverse motor skills [2, 4, 15-19, 24, 33, 40,
]. Existing research largely focuses on single-agent
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motion tracking [17, 44, 53], progressing from mimicking
specific references to general motion tracking frameworks
[7, 13, 26, 52, 55]. Beyond isolation, recent works have ad-
dressed the interaction between humanoids and environmental
factors in sports such as table tennis [39], badminton [28],
and soccer [34, 47], as well as human-robot collaboration
[6, 9, 20]. However, these scenarios typically model the partner
(human or object) as a passive entity or an external distur-
bance, ignoring the complex coupled dynamics inherent in
multi-agent systems. Achieving interactive whole-body control
on dual-humanoid hardware requires moving beyond these
assumptions to explicitly model the mutual physical influence
and geometric topology between active agents—a capability
that remains absent in current robotics literature.

B. Physics-Based Animation of Human-Human Interaction

While robotics research focuses on hardware feasibility,
the computer graphics community has expanded the scope
of humanoid animation from single-agent generation [30-32]
to the complex domain of Human-Human Interaction [38,

, 46]. Addressing the inevitable physical artifacts caused
by sensor inaccuracies in existing datasets [11, 25, 45, 51],
recent works [10, 43, 50, 54] employ RL within physics-based
simulations to guarantee human-like behavior and physical
plausibility. However, these methods prioritize visual fidelity
over dynamic feasibility, often relaxing rigorous constraints
essential for real robots. Policies trained in these idealized
environments struggle with the Sim-to-Real gap. To bridge this
gap, we propose Rhythm, which, to our knowledge, represents
the first demonstration of physically coupled dual-humanoid
interaction on real-world hardware.

C. Motion Retargeting for Humanoid

Motion retargeting serves as a fundamental bridge for
transferring human skills to humanoids. However, standard
approaches like PHC [30] and GMR [3] typically treat agents
in isolation, neglecting interaction behaviors. While OmniRe-
target [49] advances this by employing Interaction Meshes
[1, 56] to enforce human-object interaction constraints, its ap-
plicability is restricted to single-humanoid settings. Extending
this to human-human interaction presents unique challenges.
Recent attempts, such as PAIR [20] and Harmanoid [29],
adopt a coupled formulation that intertwines self-motion with
interaction constraints. Consequently, in the presence of in-
herent kinematic conflicts, they often compromise self-motion
fidelity (e.g., causing unnatural distortions) to strictly enforce
interaction geometry. To address this, we propose IJAMR that
effectively mitigates these kinematic conflicts to produce high-
fidelity coupled motion references.

III. METHODS

As illustrated in Fig. 2, Rhythm addresses the chal-
lenge of dual-humanoid interaction through three tightly in-
tegrated components: 1) Interaction-Aware Motion Retar-
geting (IAMR), which synthesizes physically feasible priors
by decoupling interaction geometry from self-motion fidelity

(Sec. III-A); 2) Interaction-Guided Reinforcement Learning
(IGRL), which captures coupled dynamics via topology-aware
rewards that enforce interaction consistency (Sec. III-B); and
3) Real-World Deployment, which overcomes the limitations
of noisy global observability and asynchronous execution to
bridge the Sim-to-Real gap (Sec. III-C).

A. Interaction-Aware Motion Retargeting (IAMR)

1) Problem Formulation: Given a source motion sequence

of two human demonstrators with different anthropometry, our
goal is to synthesize kinematically feasible trajectories for two
humanoids. The core challenge lies in synthesizing motions
that simultaneously preserve the individual motion style and
the dense interaction geometry.
Interaction Mesh and Laplacian Coordinates. To mathe-
matically model the coupled multi-agent system, we adopt the
volumetric Interaction Mesh formalism [1, 56]. We represent
the system as a connected graph G = (V, &), comprising a
vertex set ) of the agents’ key joints and an edge set &
encoding their structural connections. To encode local geo-
metric details, we utilize Laplacian coordinates. For a vertex
p;, the Laplacian operator £(-) computes the deviation from
the weighted average of its neighbors A/ (7):

L(pi) = pi — Z CijPjs

JEN(3)

where c;; denotes the normalized weights. In mesh-based mo-
tion retargeting, the objective is to find a target configuration
¢ such that the local geometry of the retargeted vertices p;(q)
matches the source reference. This is achieved by minimizing
the deformation energy > ||L(p:i(q)) — L(ps<)]|2.

The Kinematic Conflict. While the standard formulation
S IL(pi(q)) — L(p5Te)||? is effective for single-agent editing,
applying it to the transfer from heterogeneous humans to ho-
mogeneous robots creates a fundamental ambiguity in defining
the source reference V*"¢. Due to the embodiment mismatch,
no single reference manifold can simultaneously satisfy both

self-motion and interaction constraints:

o Individual Manifold (M, ): Constructed by scaling
each human with individual ratios to match the robot’s
height. Using this as V*"¢ preserves valid self-motion
Laplacian coordinates but structurally disrupts the relative
interaction geometry (e.g., causing “air handshakes”).

o Unified Manifold (M,,;): Constructed by applying a
single global scale to the entire scene. Using this as V"¢
strictly preserves relative interaction edges but forces the
robots to adopt kinematic constraints incompatible with
their morphology (e.g., foot floating).

Topological Partitioning. To resolve this conflict, we propose
to relax the monolithic structure of the standard Interaction
Mesh. Instead of treating the system as a single deformable
body, we explicitly partition £ into two disjoint functional
groups, as visualized in the left part of Fig. 2: (1) Intra-
Agent Edges (E..;r): Edges connecting joints within a single
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Fig. 2: Overview of Rhythm. IAMR utilizes decoupled optimization to generate high-quality humanoid-humanoid motion interaction references from human
demonstrations. Guided by these references, IGRL employs MAPPO and graph-based rewards to learn robust coupled dynamics. Finally, the deployment
module facilitates Sim-to-Real transfer via Lidar-fused state estimation and inter-agent synchronization.

robot, encoding the local self-motion topology. (2) Inter-
Agent Edges (&;,:er): Edges connecting key joints between
the two robots, encoding the relative interaction topology.

This topological decomposition allows us to assign distinct
geometric references to different semantic parts of the graph,
forming the basis for our decoupled optimization scheme.

2) Decoupled Optimization: Leveraging the topological
partitioning defined above, we resolve the kinematic conflict
by assigning distinct geometric references to the partitioned
subgraphs. We formulate the retargeting as a dynamic spring
system, where a self-motion term FE,.;; ensures intra-agent
edges Ecir track the Independent Manifold M;,,q, while an
interaction term Fj;, ., constrains inter-agent edges &;pter tO
the Unified Manifold M,,,;.

We solve for the optimal joint configuration ¢* = {q1,¢2}
by minimizing a hybrid energy function:

q* = arg quin (Eself(Q) + Einter(Q)) st. qe Cphya

where Cppy represents the set of feasible configurations satis-
fying joint limits and collision constraints.

Self-Motion Objective (Es.;¢). To preserve individual motion
quality, we align the Laplacian geometry of each robot to its
Independent Reference M, 4, strictly confining the operator
to the local subgraph:

Bas@= Y Y L) — L")

a€{1,2} pi€V,

+ Arot Z Z ”916@@1?0”27

a€{1,2} keB,

where V,, denotes the vertex set of robot a, and p%”d represents

the corresponding vertex position in the reference M, 4. For

rotation, B, denotes the key links, where © measures the
geodesic distance on SO(3) between the current orientation
01, and the reference 6;°.

Interaction Objective (F;,;...). To enforce the relative inter-
action geometry, we treat the inter-agent edges as extrinsic
constraints driven by the Unified Reference M,,,;. We for-
mulate this as a variable-stiffness spring potential:

Binter(@) = > wij(dij)- [|(pi—pj) — (™ = py™
(6.4) E€imter

I?,

Here, p; and p; denote the current vertex positions of different
agents, while p¥™* and ﬁ}”” represent the corresponding target
coordinates derived from the reference M,,;. To naturally
prioritize close-range geometry (e.g., contact) over distant re-
lations, we define the stiffness w;; as a continuous exponential

decay function of the source distance d;;:
wij(dij) = Wimaz - €74,

where w4, denotes peak stiffness and + the decay rate. This
effectively models the interaction as a non-linear spring system
that stiffens during close contact to prevent penetration, while
becoming compliant at a distance to allow free motion.

Topological Interaction Priors. Beyond kinematic trajecto-
ries, IAMR explicitly extracts inter-agent topological struc-
tures to serve as interaction priors for downstream policy learn-
ing, as illustrated in the left part of Fig. 2. We generate two
cross-agent graph representations: (1) An Interaction Graph
(derived from &;,+e-), which encodes the binary connectivity
bridging the keypoints of the two agents [54]; (2) A Contact
Graph (constructed via collision detection), which records
the binary physical contact states berween the links of the



two distinct robots [42]. These graphs provide the essential
interaction topology required for the graph-based rewards in
the subsequent training phase.

B. Interaction-Guided Reinforcement Learning (IGRL)

To master the coupled dynamics of dual-humanoid interac-
tion, we propose IGRL, a multi-agent reinforcement learning
module. Unlike standard motion tracking policies that treat
agents as isolated entities, IGRL explicitly models interaction
geometry through graph-based rewards and incorporates spe-
cific training strategies to bridge the reality gap.

1) Multi-Agent Policy Design: As shown in the middle
part of Fig. 2, we formulate the problem as a Multi-Agent
Markov Decision Process (MA-MDP) and adopt the Central-
ized Training with Decentralized Execution (CTDE) paradigm
using MAPPO [10, 27].

Interaction-Centric Observation. Effective collaboration re-
quires a comprehensive awareness of both self and partner
states. The policy operates on a compact observation space
0t = {Op7‘0p7 Opeer 07'ef}:

« Proprioception (0pr0p): Defines the agent’s internal state,
including joint positions, velocities, base angular veloci-
ties, and the previous action.

 Peer Perception (0pc.,): Encodes the peer’s state relative
to the ego agent. It includes the peer’s joint positions and
the relative root transform expressed in the ego-centric

frame: the relative position P,..; = RZQO(PPEE,« — Pego)
and orientation R, = RggoRpeer. This explicit spatial

formation enables the agent to anticipate and handle
coupled dynamics.

o Reference Motion (0,.r): Contains the future reference
trajectories and the reference relative state, serving as the
correct interaction topology.

Network Architecture. We design a hierarchical policy archi-
tecture where 1D-CNN temporal encoders process historical
observations and future references, feeding latent features
along with the current observation into an MLP action decoder.
More details are provided in Appendix B.

Robust Training Strategy. To ensure transferability and han-
dle complex interaction phases, we implement two strategies,
with mathematical formulations provided in Appendix B:

o Curriculum-based Adaptive Sampling: Standard RSI
[31] relies on sparse failure counts, neglecting non-
terminal interaction violations. We propose an error-
aware sampling strategy based on a multi-objective land-
scape composed of integrating failure, tracking, and in-
teraction metrics. The curriculum dynamically evolves
from prioritizing stability in early stages to focusing on
tracking and interaction precision as the policy matures.

e Dual-Agent Domain Randomization: To bridge the
sim-to-real gap, we simulate wireless latency via noisy,
delayed peer observations and apply initial state pertur-
bations to enforce recovery from physical misalignment.

2) Graph-based Rewards: Standard tracking rewards typi-
cally treat agents as isolated entities, failing to enforce topolog-
ical consistency or capture coupled dynamics. To bridge this
gap, we introduce graph-based rewards to guide the learning
of dynamic control policies by translating the Topological
Interaction Priors established in IAMR, as shown in Fig. 2.
Interaction Graph Reward (r;,:..). To ensure precise rel-
ative geometry during interaction, we penalize deviations of
the interaction graph. The reward is formulated as:

— ¥
(oF?
inter ($,§)EEinten

sim JT@f”Q
(¥

Tinter = €Xp | — Wij ||d7,j 5

where 0. i a sensitivity scaling factor, and d;; denotes
the relative position vector connecting joints 7 and j in the
simulation (s¢m) and reference (ref) states. By inheriting the
distance-aware dynamic weights w;; from IAMR, the policy
inherently learns to prioritize the same geometric constraints
that were optimized during retargeting.

Contact Graph Reward (7.ontqct). Since kinematic refer-
ences lack force information, we utilize contact graph to
regularize physical interaction. This reward is designed with
two goals: (1) Contact Consistency, which penalizes mis-
matches between the simulated and reference contact states;
and (2) Force Regularization, which constrains contact forces
to realistic ranges when active, and penalizes non-zero forces
during non-contact phases. This explicitly discourages inter-
penetration and encourages compliant physical interaction.

C. Real-World Deployment

Deploying Rhythm on physical hardware faces the Sim-to-
Real Gap, specifically the lack of global observability and the
issue of asynchronous execution.

1) State Estimation and Relative Localization: Construct-
ing the observation space for dual-humanoid interaction re-
quires precise global and relative state information. We employ
a robust localization system, utilizing POINT-LIO [14] for
high-frequency local odometry and GICP [35] to register real-
time point clouds against a pre-built map for drift-free global
positioning. A Kalman Filter fuses these estimates to ensure
robustness under highly dynamic motions.

Robots broadcast global poses {P, R} via LCM [21]. The
ego-agent transforms received data into its local frame to
derive { Pc;, Ryc; }, enabling real-time reconstruction of opcer
consistent with the simulation.

2) Inter-Agent Synchronization: We use the motion phase
¢ [31] as the continuous variable representing the temporal
execution progress of the interaction policy. In distributed
settings, inherent hardware clock drift inevitably causes the
phases of the two agents to diverge over time.

To maintain temporal alignment, we implement a soft
synchronization mechanism based on proportional feedback.
Agents exchange their current phase ¢ via the wireless bridge.
Upon receiving the peer’s phase ¢pc.r, the ego agent dynam-
ically modulates its phase progression rate (;5690. Instead of a
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Fig. 3: Overview of MAGIC. MAGIC contains ~3 hours of high-fidelity
interaction data balanced across five semantic categories (inner chart). Rep-
resentative snapshots (outer ring) illustrate the diversity ranging from loose
spatiotemporal coordination to intensive contact.

fixed increment (gz'ﬁbase = 1.0), we apply a correction:

(Z.Sego =1.0+ k(¢peer - (z)ego)a

where k is the synchronization gain. This compensates for
temporal drift by modulating execution rate, ensuring smooth
alignment without the discontinuities of hard phase resets.

IV. EXPERIMENTS

We design our experiments to systematically validate the

proposed framework by answering three core questions:

e Q1 (Retargeting Quality): Can IAMR synthesize kine-
matically feasible and topologically consistent trajectories
that preserve the interaction geometry of the source data?

e Q2 (Policy Efficacy): Can IGRL utilize the interaction
guidance to capture the coupled dynamics, overcoming
the limitations of treating agents as isolated entities?

o Q3 (Real-World Robustness): Can the learned policies
be successfully deployed to physical dual-humanoid sys-
tems, overcoming the limitations of noisy global observ-
ability and asynchronous communication?

A. The MAGIC Dataset

High-quality motion data is the cornerstone of learning in-
teractions. Addressing the lack of clean human-human interac-
tion data, we introduce MAGIC, a high-fidelity motion capture
dataset comprising ~3 hours of valid motion sequences.

1) Acquisition and Diversity: Distinct from existing
datasets [11, 25, 45, 51], we ensured physical plausibility for
robot transfer through Anthropometric Consistency (matched
actor heights) and Temporal Continuity (long-horizon se-
quences > 10s). As illustrated in Fig. 3, MAGIC covers

a diverse semantic spectrum: Coordinated actions (30.4%),
Intimate/Care behaviors (24.8%), Contact (18.2%), Social
Rituals (13.3%), and Competitive interactions (13.3%). All
sequences are captured via high-fidelity optical motion capture
in BVH format. Interaction graphs are extracted from the inter-
agent edges &t Of the retargeted motion, while contact
labels are derived post-retargeting via collision detection on
the retargeted humanoid kinematics.

2) Data Release: To facilitate future research, we will
publicly release both the raw motion capture data and the re-
targeted humanoid reference trajectories generated by IAMR.

B. Experimental Setup

Datasets. We use the proposed MAGIC dataset for both
training and evaluation. To systematically assess performance
across diverse physical dynamics, we categorize the tasks
into three physics-based groups: Collaborate (non-contact
synchronization), Light Contact (transient interaction), and
Intensive Contact (continuous force transmission). Addition-
ally, we employ the external Infer-X dataset [45] to assess
robustness under significant anthropometric mismatches.

Baselines. We benchmark Rhythm against representative
methods under two evaluation aspects, with full implementa-
tion details in Appendix C:

o Retargeting Quality (Q1): We compare against

GMR [3], which performs Cartesian optimization,
OR [49], a single-agent interaction mesh method, and
DOR, our constructed dual-agent extension of OR.

o Policy Efficacy (Q2): To validate the effectiveness of
IGRL, we compare against a Single-Agent (Status Quo)
baseline that performs isolated tracking, as well as key
ablated variants of our method, including w/o Peer Obs,
w/o Contact Rew, and w/o Interaction Rew.

Evaluation Metrics. We adopt task-specific evaluation met-
rics for Retargeting Quality (Q1) and Policy Efficacy (Q2).
For conciseness, detailed metric definitions and mathematical
formulations are deferred to Appendix C.

C. Retargeting Quality (Q1)

We evaluate JAMR against baselines across three dimen-
sions: Safety, measured by Inter-Penetration Rate (IPR) and
Max Penetration Depth (MPD); Fidelity, quantified by Inter-
action Edge Error (IEE) and Contact F1 Score [20, 29]; and
Utility, assessed via Downstream Success Rate (DSR).

Quantitative Analysis. Table I presents the performance
comparison across four interaction categories. We observe
three key trends. First, isolated baselines (GMR, OR) funda-
mentally fail to ensure physical feasibility. Notably, in Inten-
sive Contact, OR exhibits a prohibitive Inter-Penetration Rate
(IPR) of 47.3%, rendering the motions physically infeasible
and unsuitable for policy learning. Second, while the coupled
baseline (DOR) guarantees safety (IPR=0), its rigid formu-
lation compromises interaction fidelity under anthropometric
mismatch. This is evident on the Inter-X dataset, where DOR’s
F1-Strict drops to 0.589 due to its inability to reconcile
conflicting kinematic constraints. In contrast, IAMR achieves



TABLE I: Quantitative Results of Retargeting. Comparison across
four interaction categories. Metrics include Safety (IPR, MPD),
Fidelity (IEE, F1), and Utility (DSR). IAMR achieves the best
balance, strictly eliminating penetration (IPR=0) while maximizing
contact F1 scores.

Safety
IPR(%)] MPD(cm)| IEE%)| F1-St

Fidelity Utility

F1-Lt DSR@)t

MAGIC: Collaborate

GMR 0.14 1.2 43 0.602 0.804 855

OR 0.20 14 4.1  0.747 0902 874

DOR 0.00 0.0 3.9 0711 0899 89.5

IAMR 0.00 0.0 3.7 0.785 0936 89.0
MAGIC: Light Contact

GMR 2.18 3.3 . 0.738 0.893 485

OR 7.62 5.9 3.6 0.844 0912 63.1

DOR 0.00 0.0 3.6 0810 0918 694

IAMR 0.00 0.0 31 0905 0935 753
MAGIC: Intensive Contact

GMR 352 3.8 9.6 0.864 0.928 455

OR 47.3 53 80 0.884 0929 56.5

DOR 0.00 0.0 7.8 0.883 0925 633

IAMR 0.00 0.0 6.6 0932 0941 783
Inter-X

GMR 11.7 1.7 80 0.598 0.752  31.7

OR 18.4 2.6 6.8 0587 0.791 46.3

DOR 0.00 0.0 6.7 0589 0.795 529

IAMR 0.00 0.0 49 0.843 0.860 69.9

Raw Data GMR OR DOR IAMR (Ours)
Handshake }

4
i

Hug

Fig. 4: Qualitative Visualization of Retargeting on Inter-X. Top: Baselines
suffer from contact loss (“air handshakes”), whereas IAMR preserves precise
interaction geometry. Bottom: OR leads to severe penetration while DOR
forces unnatural stiff postures; IAMR maintains close-proximity topology
without collisions.

the optimal safety-fidelity trade-off. By adaptively decoupling
self-motion from interaction objectives, our method eliminates
penetration while outperforming DOR by 43% in F1-Strict
on Inter-X. Crucially, this strict preservation of interaction
topology translates to superior downstream utility, yielding
78.3% DSR in contact-rich tasks.

Qualitative Visualization (Inter-X Cases). Fig. 4 vali-
dates robustness under significant mismatches. In transient
“Handshakes”, IAMR utilizes dynamic weighting to prioritize
critical interaction geometry, effectively resolving the contact
loss (“‘air handshakes”) observed in baselines. Conversely,
in continuous ‘“Hugs”, our decoupled optimization reconciles
kinematic conflicts, preventing the penetration of OR and the
stiffness of DOR to maintain valid close-proximity topology.

TABLE II: Quantitative Results of Policy. We evaluate the contri-
bution of each component. Our full method achieves the most robust
balance, effectively integrating coarse-grained geometric alignment
(low IEE) with fine-grained physical contact fidelity (high CSR).

Interaction Contact
ISR%)t IEE®%), CSR@®)t CERJ
MAGIC: Collaborate
Single Agent 18.7 38.9 100.0 0.000
w/o Peer Obs 19.5 47.0 100.0 0.000
w/o Contact Rew 93.4 4.7 100.0 0.000
w/o Interact Rew 58.1 15.1 100.0 0.000
Ours (Full) 92.9 4.8 100.0 0.000
MAGIC: Light Contact
Single Agent 34.3 19.9 24.1 0.283
w/o Peer Obs 48.9 13.9 18.6 0.268
w/o Contact Rew 859 54 52.1 0.203
w/o Interact Rew 48.7 19.3 28.1 0.243
Ours (Full) 90.0 4.2 78.0 0.120
MAGIC: Intensive Contact
Single Agent 24.0 29.9 37.5 0.312
w/o Peer Obs 34.1 214 43.7 0.280
w/o Contact Rew 77.3 7.7 70.6 0.174
w/o Interact Rew 51.3 17.0 56.8 0.211
Ours (Full) 75.2 7.9 78.8 0.159
Inter-X
Single Agent 25.7 26.9 574 0.256
w/o Peer Obs 73.2 7.6 75.3 0.143
w/o Contact Rew 95.1 34 68.3 0.208
w/o Interact Rew 63.2 9.7 78.6 0.110
Ours (Full) 92.8 3.5 77.4 0.125

D. Policy Efficacy (Q2)

We assess the robustness and fidelity of the learned con-
trol policy across two dimensions: Interaction Performance,
measured by Interaction Edge Error (IEE) and Interaction
Success Rate (ISR); and Contact Performance, quantified by
Contact Success Rate (CSR) and Contact Error Rate (CER).

Quantitative Analysis. Table II presents the quantitative
ablation results, revealing two critical insights. First, Interac-
tion Awareness is non-negotiable. The Single Agent (Vanilla)
baseline, limiting agents to isolated tracking, fails to coor-
dinate effectively, achieving only 18.7% ISR in Collaborate
scenarios. Similarly, removing peer observations (w/o Peer
Obs) severs the closed-loop synchronization, causing physical
coupling to collapse (CSR drops to 18.6% in Light Contact).
Second, there exists a functional hierarchy between coarse-
grained geometric guidance and fine-grained contact regula-
tion. The ablation results reveal that the interaction reward
serves as a necessary foundation: removing it (w/o Interaction
Rew) causes performance to collapse across all metrics as
the policy fails to guide agents into the interaction envelope
where contact can be established. For example, ISR drops
to 58.1% in Collaborate and CSR drops to 28.1% in Light
Contact. Once this spatial proximity is achieved, the contact
reward becomes critical for physical realism. Notably, the w/o
Contact Rew variant exhibits a “ghosting” phenomenon: it
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Fig. 5: Qualitative Visualization of Policy. Single Agent (blue) drifts into
collisions. w/o Contact Rew (green) achieves low error but exhibits physical
“ghosting”. In contrast, Ours enforces valid physical contact.

attains high geometric precision (93.4% ISR in Collaborate)
by disregarding physical collision constraints, yet fails to
maintain valid physical contact (only 52.1% CSR in Light
Contact). This is because the policy over-optimizes 7;piers
exploiting physical interpenetration as a shortcut to minimize
geometric error rather than establishing true physical coupling.
Ours (Full) effectively integrates these components, leveraging
geometric guidance to establish the spatial foundation while
using contact regulation to enforce valid physical coupling
(above 75% ISR and 77% CSR across all scenarios).

Qualitative Visualization. Fig. 5 highlights the behavioral
divergence across methods in the Greeting task. The Single
Agent, treating the peer merely as a dynamic obstacle, may
initiate interaction but inevitably drifts into collision. While
its low-level robustness prevents immediate termination, the
interaction topology is destroyed. Similarly, without explicit
peer monitoring, the w/o Peer Obs baseline suffers from
severe desynchronization (large error spikes). Notably, the w/o
Contact Rew variant successfully maintains coarse-grained
geometric alignment, yielding an IEE curve comparable to
the full method (Green versus Red lines). However, it lacks
fine-grained contact fidelity, allowing hands to “ghost” through
each other. Ours bridges this gap, achieving the precision as
w/o Contact Rew while enforcing valid physical coupling at
the contact interface. These visual observations directly align
with the quantitative hierarchy in Table II, particularly ex-
plaining the discrepancy between geometric (ISR) and physical
(CSR) metrics in the baselines.

TABLE III: Main Results for Real Robot Experiments. We
conducted 10 trials for each task and evaluated success based on
contact establishment at specific keyframes (K frames per trial).

Task Method Success / Total Rate (%)
Hu Single Agent 8 /30 26.7%
8 Ours 26 /30 86.7%
Single Agent 6 /30 20.0%
Shoulder Ours 24730 80.0%
. Single Agent 11 /90 12.2%
Greeting Ours 747 90 82.2%

Fig. 6: Robustness to disturbances. Our policy demonstrates strong re-
silience against aggressive external perturbations (pulling, pushing, and kick-
ing), successfully recovering balance and synchronization.

E. Real-World Robustness (Q3)

We validate the deployment of Rhythm on Unitree Gl
humanoids to assess its generality, robustness, and success rate
in physical environments.

Framework Generality. Fig. 1 demonstrates the system’s ver-
satility across diverse modalities. By strictly preserving fine-
grained contact geometry in physical coupling tasks (Fig. 1a-
¢) and maintaining spatiotemporal coherence in long-horizon
coordination (Fig. 1d), Rhythm effectively ensures interaction
integrity across the spectrum using a unified formulation.
Quantitative Success Rate. We cvaluate success based on
valid contact establishment at task-specific keyframes: Hug
uses 3 keyframes (shoulder pat, hand clasp, full hug); Shoulder
uses 3 keyframes (start, mid, end of walking); and Greeting
uses 9 keyframes (spanning hand, leg, shoulder, and elbow
contacts). Table III reports success rates (measured over 10
trials). Rhythm consistently outperforms the Single Agent
baseline by more than 60%, with the most pronounced gap
in Greeting (12.2% versus 82.2%). While the baseline fails
due to accumulated drift in this long-horizon task, our relative
state estimation continuously compensates for misalignment,
ensuring robust physical coupling.

Robustness to Disturbances. To evaluate system resilience,
we subjected the robots to significant external perturbations
during execution. As illustrated in Fig. 6, these disturbances



included aggressive pushing, pulling, and kicking forces. De-
spite the severity of these physical interferences, the agents
successfully recovered their balance and actively adjusted
their relative states to restore the interaction topology. This
empirical evidence confirms that our policy has learned robust
closed-loop synchronization capabilities, allowing for real-
time recovery strategies rather than open-loop motion replay.

V. CONCLUSION

In this work, we present Rhythm, a unified framework
that, to our knowledge, achieves the first robust transfer of
physically coupled interactive behaviors to dual-humanoid
hardware. By integrating Interaction-Aware Motion Retarget-
ing (IAMR) to resolve kinematic conflicts and Interaction-
Guided Reinforcement Learning (IGRL) to master coupled
dynamics, our approach effectively bridges the Sim-to-Real
gap. Furthermore, we release the MAGIC dataset to facilitate
future research in multi-agent embodied intelligence.

While this work utilizes dual-humanoid setups to rigorously
validate the modeling of coupled dynamics, our graph-based
formulation is theoretically generic and supports extension
to multi-agent systems. A current limitation is the reliance
on pre-built maps for state estimation. Future work will
focus on eliminating this dependency by shifting towards
fully ego-centric perception for map-free collaboration, and
scaling the framework to orchestrate complex multi-humanoid
interactions in open-world scenarios.
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