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Fig. 1: RHINO has the capabilities of real-time interaction on diverse tasks. (a) RHINO enables real-time humanoid-
human-object interaction, allowing seamless task interruption and dynamic switching during operation. (b) The system
demonstrates diverse capabilities, including waving, cheering, stamping, object pickup, handovers, and more.

Abstract—Humanoid robots have shown success in locomotion
and manipulation. Despite these basic abilities, humanoids are
still required to quickly understand human instructions and react
based on human interaction signals to become valuable assistants
in human daily life. Unfortunately, most existing works only
focus on multi-stage interactions, treating each task separately,
and neglecting real-time feedback. In this work, we aim to
empower humanoid robots with real-time reaction abilities to
achieve various tasks, allowing human to interrupt robots at any
time, and making robots respond to humans immediately. To
support such abilities, we propose a general humanoid-human-
object interaction framework, named RHINO, i.e., Real-time
Humanoid-human Interaction and Object manipulation. RHINO
provides a unified view of reactive motion, instruction-based
manipulation, and safety concerns, over multiple human signal
modalities, such as languages, images, and motions. RHINO is a
hierarchical learning framework, enabling humanoids to learn
reaction skills from human-human-object demonstrations and
teleoperation data. In particular, it decouples the interaction
process into two levels: 1) a high-level planner inferring human
intentions from real-time human behaviors; and 2) a low-level
controller achieving reactive motion behaviors and object manip-
ulation skills based on the predicted intentions. We evaluate the
proposed framework on a real humanoid robot and demonstrate

its effectiveness, flexibility, and safety in various scenarios.

I. INTRODUCTION

Humanoid robots are increasingly being explored to perform
tasks in diverse environments [5, 17, 19]. Their human-like
morphology provides a potential for acting with human-like
dexterity, making them ideal for general-purpose daily-life
human assistants. However, most recent progresses only focus
on learning basic abilities such as locomotion [30], object
manipulation [10], and expressive motion [9].

Considering how we as humans react to our friends, a
practically helpful humanoid assistant should possess three
fundamental capabilities: 1) skill proficiency, equipped with
diverse and essential skills to achieve various tasks; 2) in-
tention recognition, capable of discerning human intentions,
from either motion or language; and 3) instant feedback,
able to respond in real-time with feasible actions. Nonethe-
less, most studies on human-robot interaction only focus on
only one or two of these aspects. For instance, a significant
body of work on human-robot interaction focuses on object
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handover [32, 34], or interactive motion generation [28, 7,
21, 22, 25], lacking the ability to switch between different
tasks in real-time. Some others focus on recognizing human
intentions [12, 13, 14, 24, 31], which simplify the diversity
of reaction and treat the interaction as an alternated two-
stage process. The robot cannot be interrupted once a task
is in progress, and further human commands can only be
executed after the completion of the robot's current task.
Many recent works have attempted to combine the ability
of general foundation models to enable robots to understand
the complexity of human interactions [33, 37], but they often
suffer from high latency and are not suitable for real-time
interaction tasks. These limitations hinder robots from rapid
interventions and robust, multi-step interactions in human-
centered tasks. Therefore, a uni�ed framework that masters
human-robot interaction with real-time intention recognition
and various skills is urgently needed to tackle the above
challenges.

To achieve this goal, we propose RHINO, a hierar-
chical learning framework for Reactive Humanoid-human
INteraction and Object Manipulation. RHINO decouples the
interaction process into two levels: a high-level planner that
infers human intentions from real-time human behaviors, and
a low-level controller that achieves reactive motion behaviors
and object manipulation skills based on predicted intentions.
The high-level planner updates at high frequency, and the
low-level controller is designed to be interruptable, enabling
it to react to high-level commands at any time. To ensure
the scalability of RHINO across a wide range of skills, we
design a pipeline for learning the interactions from human-
object-human demonstration and teleoperation data, which
can be easily extended to different tasks and scenarios. We
implement RHINO on a real humanoid robot and demonstrate
its effectiveness, �exibility, and safety in various scenarios (see
Figure 1). Although this work only focuses on the upper body
of a humanoid including the head, arms, and hands, it has the
potential to be extended to whole-body humanoid interaction
with a uni�ed humanoid controller, and �nally brings robots,
especially humanoids, closer to our daily lives.

Our main contributions are in the following aspects:
� We propose the �rst humanoid learning architecture that

seamlessly integrates intention recognition with real-time
human-object-humanoid interaction skills, enabling the
robot to respond to human instruction and switch between
different tasks immediately.

� We design a pipeline for learning the interactions from
human demonstrations, which can easily scale to different
tasks and scenarios.

� We implement RHINO on the Unitree H1 humanoid robot
and demonstrate its effectiveness, �exibility, and safety in 2
scenarios with over 20 tasks, and open-source the code and
datasets to facilitate future research.

II. RELATED WORKS

Recent progress in building a human assistant robot can be
divided into three categories: 1) recognition of human inten-

tion,n, 2) basic skills, and 3) uni�ed interaction framework,
as shown in Figure 2(b). We summarize related works in each
category and highlight the differences between our work.

A. Human Intention Recognition.

Humanoid robots need to estimate the human physical and
mental states to provide appropriate assistance [35]. More
speci�cally, many signals can be used to infer human in-
tentions, such as whole-body motion [34, 39], forces [5],
gaze [12, 31], and language [33]. Object information in
the environment also plays an important role in predicting
human intention by combining it with human motion. Human-
object interaction, such as pointing gestures [14] and grabbing
objects [24], provides a broader semantic space for human
actions. Most works on human intention recognition treat
the interaction as a two-stage process, where the robot �rst
predicts the human intention and then executes the task. This
design simpli�es the diversity of reactions and neglects the
real-time reaction ability of the robot. Our work aims to react
to human signals in real time, enabling the downstream tasks
to be interrupted at any time.

B. Basic Skills

Interactive motion synthesis. In human-robot interaction
(HRI), learning to generate interactive and expressive motions,
such as shaking hands and waving, are fundamental skills.
The human-like morphology of humanoid robots provides a
unique opportunity to learn natural motion from retargeted
human motion data [15]. Human motion data can be collected
from motion capture systems or network videos. Compared to
collecting robot motion data, it has a lower cost and higher
scalability. Recent works [21, 38] collect multi-human motion
data, capturing real-time interaction and reaction between
humans. Building on this, studies encode social scenes [25],
simulate reactions [22], or deploy interaction models on robots
[28]. Our work focuses on learning interactive motion from
human-human-object interaction data.
Object manipulation. The ability to manipulate objects is
another fundamental skill for a humanoid assistant robot,
which requires more precise control of the robot's end-effector.
Limited by the dexterity of the robot, especially the degree
of freedom of our humanoid robot's arm and hand, imitating
learning from real-world teleoperation data [11, 26, 23] is a
more practical way to ensure success, compared to learning
from human data [36, 29, 42]. Open-Television [10] developed
a teleoperation system with a VR device to control the arms
and neck of humanoid robots and show the effectiveness
and ef�ciency of learning manipulation skills with ACT [41]
policy. Our work learns the manipulation skills based on the
teleoperation data.

C. Uni�ed Interaction Framework

Recent works have attempted to leverage the capacity of
general foundation models, such as large language models
(LLMs) or vison-language models (VLMs), to enable robots
to understand human intention in the format of text-based



Fig. 2: Components of the RHINO framework and related works. (a) Illustration of the RHINO framework, including
the reactive planner, motion generation skills, object interaction skills and safety supervisor. (b) Classi�cation of related works
based on the components of the RHINO framework.

instructions [33]. However, such interaction is often high-
latency and not suitable for real-time environments, limiting
the potential for natural and effective human-robot collabora-
tion, particularly in scenarios that require immediate response
or adaptation to changing human needs. Asfour et al. [6]
designed rules of the real-time human-robot interaction, which
is hard to scale up. Cardenas-Perez et al. [8] tries to learn an
end-to-end model by imitation to achieve real-time interaction
with 5 different tasks. Limited by the sample ef�ciency, this
end-to-end paradigm makes it dif�cult to scale to more tasks.

Our framework decouples the interaction process and en-
ables each module to model the interaction with different
observation spaces, which is more sample-ef�cient and scal-
able. We also deploy the framework on a real humanoid robot
and demonstrate its effectiveness, �exibility, and safety in two
different scenarios and more than 20 tasks.

III. PROBLEM FORMULATION

In this work, we consider the interaction as a leader-follower
formulation [35], where the human is the leader and the
humanoid robot is the follower. De�neI as the set of human
intentions andK as the set of robot skills. At time stept, the
leader shows an intentionI t 2 I for the follower to perform
a skill K t 2 K , such as picking up a can, brushing a plate,
or stamping a �le. We assume one intention corresponds to at
most one skill, and the robot should be able to switch between
skills in real time. The map function is de�ned asf : I ! K .

The skills of the robot can be categorized into three types:
interactive motion, manipulation, and idle. The interactive
motion skills require the robot to perform expressive and
diverse behavior, and the manipulation skills require the robot
to interact with objects in the environment precisely. When the

human leader does not show any intention, the robot will be in
an idle state and do nothing. The real-time interaction design
requires the robot to respond to the leader's intentions with
low latency and in-skill re�ection to the human leader. Low
latency requires the robot to predict the leader's intention in
real time and interrupt the current skill when the leader shows
a new intention. In-skill re�ection requires the robot to react
to human motion and environment even if the human intention
is not changed, such as pausing current movement if the robot
collides with the human or the target object is not reachable.

We formulate the observation spaceO of a humanoid robot
as the combination of the environment stateE and the human
behavior H , i.e., O = E

J
H. The environment stateE

includes the robot's proprioception and the object state. The
human behaviorH consists of the leader's intention and the
leader's behavior. To reduce the complexity of observation,
our framework decomposes interaction policy into several sub-
modules and separately designs the observation space for each
module. Compared to end-to-end models, this decomposed
design allows the robot to learn humanoid-human-object inter-
action from human-object-human demonstration data, which is
more sample-ef�cient and scalable.

IV. RHINO FRAMEWORK

In RHINO, the humanoid robot acts as the follower and
learns to predict the human intentionI with the reactive
planner, then utilizes the corresponding skillK to �nish the
interaction. Those skills are classi�ed into interactive motion,
manipulation, and idle. Interactive motion skills, simply called
motion skills, enable the robot to react to the leader's inten-
tions with real-time motion. Manipulation skills enable the
robot to handle objects based on the predicted intentions. Idle



refers to the robot maintaining its joints in a default state.
Figure 2 illustrates the framework of RHINO, and Figure 3
provides the detailed network architecture of each sub-module
in our implementation.

A. Data Collection

Human-object-human interaction data. To learn the inter-
action between humans and robots, we �rst collect a dataset
of human-object-human interaction [40], where two people
perform a series of daily interaction tasks with various objects.
In comparison to human-robot interaction data, human-object-
human interaction data can be collected without a real robot,
which is cheaper to collect and easier to scale to more
skills in various of scenarios. The dataset contains interaction
between two people in two different scenarios, dining and
of�ce. The dataset is recorded with a simple motion capture
system, and a stereo RGB-D camera in the �rst-person view
of the follower. The motion capture system that collects the
follower's behavior is described in Appendix A. Motion data
is retargeted to the humanoid robot and used by imitation
learning algorithms to construct the reactive motion skills. The
stereo RGB-D camera records the leader's behaviorH and
the environment stateE, which is used to predict the leader's
intention I .

We label each framet in the interaction data with the
leader's intentionI t and the follower's skillK ( t ) , which are
represented as ID integers of intentions and skills. We add
additional labels for the occupancyp 2 P of the robot,
indicating whether the end-effector (i.e., the hands) is empty
or interacting with an object, with distinct labels assigned to
different objects.
Teleoperation data. Different from the interactive motion
skills, certain skills, such as picking up a cup, require more
precise control of the robot's end-effector and the manipulation
of some objects. To ensure the success of those skills, we
collect demonstrations with a teleoperation system [10], where
the human's motion is captured with a VR device, and the
robot's joint positions are set by retargeting the human's
motion. This system records the control commands, the robot's
proprioception, and stereo videos from a camera on the robot's
head to perceive the environment. We also label the frames
where the skill showcase is completed successfully, referred to
as the success signal, which is used to learn the �nish condition
of the manipulation skills.

Figure 4 shows information collected in the interaction
and teleoperation dataset and the requirement of real robot
deployment. More details are described in Appendix D.

B. Reactive Planner

The reactive planner is designed to infer the leader's in-
tention I t from the real-time observationOt and decide the
next skill K ( t +1) of the robot. The planner is a Transformer
model, which takes the human's motion and the environment
information as input, and predicts the leader's intention at a
30Hz frequency. To enhance the generalization of the model,

we do not input observed images directly, but extract the
human's body and hand postures, the human's hand and head
position, and the nearest object to hands from the RGB-D
images, as well as the robot's hand occupancypt . We retarget
human hand postures to a robot hand with 6 degrees of
freedom (DoF) and represent the hand posture as the position
of each joint.

There are two types of skills that correspond to the leader's
intentions: motion skills and manipulation skills. Each skillK
has a start conditionsK 2 P and an end transitioneK 2 P .
The start condition shows the required hand occupancy of each
hand to start the skill. For example, the skill to cheer with the
leader requires the humanoid to hold a can of drink in the
right hand. The end transition determines the change of hand
occupancy after �nishing this skill successfully. For example,
for the skill of picking up a can, the start condition and
end transition are[empty, empty] and[empty, can]
respectively. A comprehensive description of all skills is shown
in Appendix B.

The humanoid robot starts from an idle state. If the reactive
planner predicts a human intentionI consistently fornr time
steps, the humanoid robot switches to the corresponding skill
T = f (I ). The human intentions are meant to “start” the
execution of a skill, rather than “keep” the current execution.
For example, the leader only needs to point at the can for a
while at the beginning to get the robot to pick the can on the
table, instead of pointing all the time.

After a skill is initiated, the motion skill persists until a
change in human intention occurs, while the manipulation skill
persists until the execution is judged successful or exceeds a
time limit. When a skill is complete, the robot returns to the
idle state.

To enable low-latency interaction, the application of most of
the skills can be interrupted by another skill when a different
human intention lastsk2 steps. The motion skills can be easily
undone by immediately moving to an idle pose, while the
interruption of the manipulation skills is complicated as it
requires reversing the object state. We use a corresponding
reverse skill to interrupt each interruptible manipulation skill.
For example, the skill of placing the can is a reversal of
the skill of picking the can. We show the detailed transitions
between skills in Appendix D.

When the current occupancy is not satis�ed with the start
condition of a skill pt 6= sK , the skill is not able to start.
To satisfy the requirement, we We build a directed graph of
occupancy transition. The noden 2 P is hand occupancy and
the edgee 2 T is skills. Before starting to demonstrate a
skill K with an unsatis�ed condition, we �nd the shortest
path from current occupancypt to the start conditionsK ,
and execute the skill seriesf K 1; K 2; : : :g in order. After the
operations mentioned above are done, the target skillK can
be utilized. The occupancy graphs of 2 scenarios are shown
in Appendix D.



Fig. 3: Network architecture of RHINO modules, including the reactive planner, motion generation, and manipulation skills.

Fig. 4: Information collected in the dataset and the requirement of real robot deployment.The left box shows our
Human-Object-Human Interaction Demonstration Data, which contains human motion and hand position information collected
from RGB-D images and a simple motion capture system. The box in the middle illustrates our Manipulation Demonstration
Data, which is collected through teleoperation. The right box shows the information required in real robot deployment.

C. Interactive Motion Skills

In humanoid-human interactions that do not involve com-
plex object manipulation, the primary objective of the hu-
manoid robot is to produce smooth, consistent motions while
providing robust real-time feedback on human behavior. To
accomplish this, we employ a multi-body motion diffusion
model [20] to generate low-level interactive motion skills.

Different from multi-person motion generation, the hu-
manoid and human are heterogeneous and asymmetric in the
humanoid-human interaction. We represent the human motion
m1

t as a 6D rotation vector for each joint, and the humanoid
motion m2

t as the target of humanoid robot joint positions.
Both motions are simpli�ed to arm and hand joints. We also
add hand occupancypt and human intentionI t as input to
the model, to ensure the robot's motion is consistent with the
human's intention. Details can be found in Appendix D.

Our model predicts the future motion of the humanoid robot
m2

t +1: t +5 based on the history of human motionm1
t � 30:t and

humanoid motionm2
t � 30:t . The model predicts 5 future frames

of humanoid motion with a 3 Hz frequency, which generates
30 frames of motion in one second.

The network structure is a Transformer-based model, which
takes the loss of reconstructing the humanoid motion as the
main loss, and the velocity loss of motion as an auxiliary loss.

D. Manipulation Skills

Imitation learning. To enhance the smoothness and robust-
ness of interactive motion reactions, the motion generation
model described in Section IV-C omits RGB images as input.
However, this design makes the model insuf�cient for dex-
terous object manipulation, resulting in a lower success rate
in practice. Meanwhile, as mentioned earlier, the retargeting

inevitably introduces deviations between the humanoid's end-
effector poses and original human motions, further leading to
manipulation failures.

As a result, we train independent Action Chunking Trans-
former (ACT) [41] models for each low-level manipulation
skill. The ACT model enables 30Hz real-time inference of the
robot's joint positions. Demonstrations collected by teleoper-
ation are manually segmented and labeled as distinct skills
for model training. To satisfy low-latency requirements, we
trained a paired reverse skill model for each manipulation skill,
enabling the robot to handle human interruptions properly.

Learning terminal conditions. In our multi-skill interactive
manipulation framework, the model must recognize when a
current skill is completed in order to transition to the next
skill. In addition to desired humanoid joint positions, each
manipulation policy predicts an additional success signal. The
signal is an indicator of whether the skill is completed, and we
add an extra cross-entropy loss to train the 0/1 classi�cation.

Robust and safe manipulation.We crop the image to the
region of robot-object interaction as the manipulation model
input. The cropped image input removes the leader human's
body and only keeps the hand information, which helps the
model focus on the manipulation skill and be robust to human
appearance and behavior changes. For skills with a single arm,
the input/output of the model only includes the corresponding
arm information. We also collect in-skill interruption data,
where the robot pauses or withdraws its current movement if
it collides with the human or the target object is unreachable.
Such data helps the robot to exhibit safe behavior and in-skill
re�ection to the change of human behavior or environment,
even if the human intention is not changed.
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