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Fig. 1: Overview of RoboMIND. We introduce RohoMIND (Multi-embodiment Intelligence Normative Data for Robot Manipulation), comprising
107k demonstration trajectories across 479 diverse tasks involving 96 distinct ohject classes. To ensure consistency and reliability during policy
learning, RoboMIND is gathered through human teleoperation and structured around a unified data collection standard. The four pie charts
represent (a) the total trajectory numbers categorized by different types of robots, (b) average trajectory lengths (frames) categorized by different
types of robots, (c) trajectory ratio of different task categories (Artic. M.: Articulated Manipulations; Coord. M.: Coordination Manipulations; Basic
M.: Basic Manipulations; Obj. Int.: Multiple Object Interactions; Precision M.: Precision Manipulations; Scene U.: Scene Understanding), and (d)
trajectory ratio of different scenarios.



Abstract—Developing robust and general-purpose manipula-
tion policies is a key goal in robotics. To achieve effective
generalization, it is essential to construct comprehensive datasets
that encompass a large number of demonstration trajectories
and diverse tasks. Unlike vision or language data, which can
be sourced from the internet, robotic datasets require detailed
observations and manipulation actions, necessitating significant
investments in both hardware-software infrastructure and human
labor. While existing works have focused on assembling various
individual robot datasets, there is still a lack of a unified data col-
lection standard and insufficient high-quality data across diverse
tasks, scenarios, and robot types. In this paper, we introduce
RoboMIND (Multi-embodiment Intelligence Normative Data for
Robot Manipulation), a dataset containing 107k demonstration
trajectories across 479 diverse tasks involving 96 object classes.
RoboMIND is collected through human teleoperation and en-
compasses comprehensive robotic-related information, including
multi-view observations, proprioceptive robot state information,
and linguistic task descriptions. To ensure data consistency
and reliability for imitation learning, RoboMIND is built on
a unified data collection platform and a standardized protocol,
covering four distinct robotic embodiments: the Franka Emika
Panda, the X-Humannoid Tien Kung humanoid robot with dual
dexterous hands, the AgileX dual-arm robot, and the URSe.
Our dataset also includes 5k real-world failure demonstrations,
each accompanied by detailed causes, enabling failure reflec-
tion and correction during policy learning. Additionally, we
created a digital twin environment in the Isaac Sim simulator,
replicating the real-world tasks and assets, which facilitates
the low-cost collection of additional training data and enables
efficient evaluation. To demonstrate the quality and diversity of
our dataset, we conducted extensive experiments using various
imitation learning methods for single-task settings and state-
of-the-art Vision-Langunage-Action (VLA) models for multi-task
scenarios. By leveraging RoboMIND, the VLA models achieved
high manipulation success rates and demonstrated strong gener-
alization capabilities. To the best of our knowledge, RoboMIND
is the largest multi-embodiment teleoperation dataset collected
on a unified platform, providing large-scale and high-quality
robotic training data. Our project is at https://x-humanoid-
robomind.github.io/.

1. INTRODUCTION

One of the aspirations of any professional in the field of
robotics is to develop a versatile, general-purpose robotic
model capable of performing a broad spectrum of real-world
tasks. Specifically, such models should be generalizable in
order to execute the intended manipulation tasks under varying
conditions, such as a new robot, unfamiliar environments, or
different objects [77, 50, 51, 65, 64, 14]. To achieve this level
of generalization, researchers have drawn inspiration from
the training of large models in computer vision and natural
language processing, where rich and diverse datasets have
proven essential [1, 61, 96, 101, 32, 55]. They concluded
that for training generalizable robotic models, one of the most
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critical elements is the access to rich and diverse training data
that encompass varied scenes, tasks, and robot types. Such
diversity ensures that models learn to perform reliably under
different conditions and environments [70, 77, 92, 14, 29, 97].
Therefore, in this work, we aim to construct comprehensive
datasets that capture a broad spectrum of robotic interactions
and experiences to facilitate training models capable of
mastering various manipulation policies.

However, the curation of large-scale datasets for training
general-purpose robotic models poses significant challenges.
In contrast to the acquisition of vision or language data,
which can often be sourced through web-based collection
methods [32, 55], collecting robotic data is difficult because
such data cannot be easily obtained in the same way, as
it requires controlled environments where the joints and
end-effector information of robotic systems are meticulously
recorded. Moreover, scaling up data collection efforts neces-
sitates considerable investment in both hardware and software
infrastructure and human labor for oversight, particularly when
it comes to acquiring and curating high-quality demonstration
data [77, 102, 50]. Consequently, even the most versatile
robotic manipulation policies currently in use are predomi-
nantly trained on datasets gathered within constrained condi-
tions that offer limited diversity in robot types [77, 50].

Our dataset, called RoboMIND (Multi-embodiment
Intelligence Normative Data for Robot manipulation), is
an extensive dataset that encompasses a broad range of
robotic interactions and experiences. RoboMIND features
107k demonstration trajectories amounting to 305.5 hours
of interaction data of 4 kinds of robotic embodiments
including Franka Emika Panda [34], a humanoid robot
(i.e., X-Humanoid Tien Kung [12]), AgileX Cobot Magic
V2.0 [87], and URSe [88], as shown in Figure 1. Unlike
the Open X-Embodiment dataset [77], which was compiled
from various laboratories with differing data collection
standards and diverse combinations of robotic platforms,
RoboMIND is gathered within the same standardized setting,
adhering to a standardized data collection protocol to ensure
consistency and reliability. By maintaining uniform data
collection standards, all data points are captured under similar
conditions, reducing variability and noise, which is crucial for
training models that can generalize well across different tasks
and environments. The standardized procedures also enhance
the reliability of the dataset, making it easier to validate and
reproduce experimental results, thereby building trust in the
trained models and ensuring their consistent performance in
real-world applications.

Moreover, RoboMIND covers a wide range of robot envi-
ronments and spans 479 diverse tasks involving 96 various
object classes. Additionally, we provide a dataset from our
real-world tasks simulated in the Nvidia Isaac Sim [76]. Robo-
MIND incorporates data from various robot types, including
26,856 motion trajectories from Franka Emika Panda single-
arm robots, 15,187 from Tien Kung humanoid robots, 10,269
from AgileX Cobot Magic V2.0 dual-arm robots, 25,170 from
URSe single-arm robots, and 30,035 from simulation. All these



TABLE I: Comparison to existing real-world datasets for robot manipulation. All data is drawn from the original paper or
from the DROID paper [50]. We divide robot types into three categories: single-arm, dual-arm, and humanoid. We report the

number of unique multi-view trajectories and highlight the advantages of RoboMIND in

fnon-robot, tool-based data

collections. ¥not a dataset in itself, but an aggregation of existing datasets.

Dataset Trajectory Task  Skill Arm Dexterons Hand  Detailed Annotation Robot Type Public Robot  Failure Data  Digital Twin  Collection

Pinto and Gupta [83] 50k n/a 1 Dual X X 1 4 4 X Scripted

Home-LCA [38] 28k n/a 1 Single X X 1 X X X Scripted

BrainRobotData [54] 800k n/a 1 Single X X 1 X 4 X Scripted

Roboturk [70] 2.1k 3 2 Single X X 1 X 4 X Human Teleoperation
MIME [93] 8.2k 20 20 Single+Dual X X 1 X X X Human Teleoperation
Sketchy [10] 74.4k 5 n/a Single X 4 1 4 4 X 12% Human / 78% Scripted
RoboNet [22] 162k n/a n/a Single X X 1 4 X X Scripted

BridgeData [26] 72k 71 4 Single X X 1 4 X X Human Teleoperation
MT-Opt [47] 800k 12 1 Single X X 1 4 X X Scripted

RT-1 [9] 130k 700 8 Single X X 1 X X X Human Teleoperation

BC-Z [45] 26k 100 3 Single X X 1 X X X Human Teleoperation
BridgeData V2 [99] 60.1k n/a 13 Single X X 1 4 X X 85% Human / 15% Scripted
RoboSet [8] 98.5k 38 6 Single X X 1 4 X X 30% Human / 70% Scripted
RH20T [29] 13k 140 33 Single X X 1 4 X X Human Teleoperation
DROID [50] 76k nfa 86 Single X X 1 4 X X Human Teleoperation
BRMData [115] 0.5k 10 7 Dual X X 1 4 X X Human Teleoperation
Dobb-E [92]* 5.6k 109 6 Single X X 1 ' X X Human Tool-based

Open X-Embodiment [77]% 1.4M 160k 217  Single+Dual X X 2 4 X X Dataset Aggregation
RoboMIND 107k 479 38 4 Human Teleoperation

trajectories are collected through a teleoperation system that
captures natural human motion patterns and maps them onto
robots to drive the same motion trajectories. These trajectories
encompass RGB-D data from distinct viewpoints, detailed
proprioceptive state information of the robot body, specific
information regarding the robot’s end effector, and a linguistic
description of the task at hand. Containing such comprehensive
and detailed information, these data are valuable for training
robotic models to perform complex manipulation tasks.

At the same time, we not only publish the 107k successful
trajectories but also document the 5k trajectories of real-
world failure cases. The robot model can explore the causes
of failures by learning from these failure case trajectories,
thereby improving its performance through such learning
experiences. This technique is representative of Reinforcement
Learning from Human Feedback (RLHF) [18, 81], where
human oversight and feedback direct the learning process
of models, leading the models to produce more desirable
and accurate outcomes. In addition, we annotate a total of
10k robot trajectories in RoboMIND with frame-level fine-
grained language descriptions. These annotated trajectories
encompass a wide range of robot tasks. To ensure accu-
racy and reliability, each annotation undergoes verification
and correction by multiple reviewers. We believe that these
additional failure cases and fine-grained linguistic annotations
will further advance research in robot learning, particularly in
areas such as failure recovery [66], task planning [60], visual
question answering [25], among others.

Beyond establishing such a large-scale and diverse dataset,
we conduct extensive experiments to not only validate the
dataset’s effectiveness but also evaluate various algorithms’
performance, providing a comprehensive benchmark analysis.
Specifically, we evaluate the task success rates using single-
task imitation learning methods, including ACT [116], Dif-
fusion Policy [17], and BAKU [39]. Additionally, we assess
the generalization capabilities and task success rates of Vision-
Language-Action (VLA) large models such as OpenVLA [77],
RDT-1B [65], and CrossFormer [24]. The experimental results

demonstrate that RoboMIND can be effectively utilized by
various single-task imitation learning algorithms and suc-
cessfully adapted to VLA large models. The high-quality
information provided by our dataset enables successful task
execution across different approaches in real-world scenarios.
Furthermore, pre-training the entire VLA models using the
full RoboMIND dataset results in significant improvements
in task performance across multiple robot types. To sim-
plify the use of RoboMIND, we provide the code scripts
that adapt RoboMIND files with the open-source LeRobot
framework [11] at https://github.com/x-humanoid-robomind/x-
humanoid-training-toolchain/.

II. RELATED WORK

Robotic Manipulation. Traditional manipulation policies
typically rely on state-based reinforcement learning [3, 46,
111]. In contrast, recent works [73, 27, 28] incorporate visual
observations as input to predict action poses. Imitation learning
policies, in particular, enable robots to acquire stable manipu-
lation skills by imitating an expert through demonstration [23,
104, 112]. Driven by advancements in diffusion-based genera-
tive models [41, 95, 89], diffusion policy [17] and subsequent
works [82, 86, 105] focus on transforming random Gaussian
noise into coherent action sequences, with methods such as
DP3 [113] and 3D Diffuser Actor [49] further enhancing this
process in 3D space. On the other hand, some Multimodal
Large Language Models (MLLMs) [2, 25, 43] enable robots to
comprehend natural language and visual scenes, automatically
generating task plans. Meanwhile, Vision-Language-Action
(VLA) models [117, 58, 57, 64, 51] empower MLLMs to
predict low-level SF(3) poses, demonstrating interpretability
and generalization in diverse scenarios. Given the critical role
of 3D spatial information in complex manipulation tasks,
several works [116, 35, 94, 33] explore the encoding of point
cloud data or multi-view images for 3D imitation learning.
However, most existing methods are trained on simulation
datasets or self-collected real-world datasets, and the robotics
community still lacks a unified large-scale dataset.



Robotic Learning Datasets. Interacting with spatial con-
figurations in real-world environments is vital for robots.
However, collecting data with a real robotic arm often incurs
substantial costs [77, 50]. General-purpose simulators [19,
52, 67, 76] replicate the physical world and provide virtual
environments for training policy models, significantly reducing
the costs and time associated with data collection. To meet
the training demands of complex and long-horizon tasks, sim-
ulators based on real-world environments are developed [53,
13, 109, 90], featuring photorealistic 3D assets and scenes
built with game engines. However, the sim-to-real gap signifi-
cantly impacts the manipulation accuracy of imitation learning
policies. As a result, some research shifts towards directly
collecting real-world data, including datasets gathered through
automated scripts or expert agents [83, 38, 54, 10, 22, 47], as
well as those obtained via human teleoperation [70, 93, 26, 9,
45, 99, 8, 29]. As shown in Table I, we compare RoboMIND
with representative publicly available real-world datasets for
robot manipulation. RoboSet [8] and BridgeData V2 [99]
include over 50k trajectories, but are limited to 6 and 13 skill
types, respectively. In contrast, RH20T [29] covers 33 tasks,
while its data scale is relatively small compared to the others.
Recently, Open X-Embodiment [77] has made a large effort
to unify existing robot datasets into a standardized format,
incorporating data from diverse robots collected through col-
laboration among 21 institutions. Following this, ARIO [102]
further integrates real-world and simulated data into a standard
format, aiming to bridge the gaps in existing data resources.
DROID [50] collects 76k demonstration trajectories via human
teleoperation. Although previous large-scale datasets offer di-
verse scenarios, most focus on a single embodiment type—the
two-finger gripper—and lack dexterous hands, limiting task
variety. In contrast, our proposed RoboMIND features four
distinct embodiments, including both grippers and dexterous
hands, and expands the number of task types to 479 with
long-horizon dual-arm tasks for complex skill training. Most
importantly, RoboMIND is collected in a standardized setting,
ensuring consistency and minimizing variability.

Large-scale Policy Learning. Learning robotic policies
from large and diverse datasets has become a major re-
search focus in the field of robotics. One series of works
leverages egocentric human videos [36, 20, 21, 37] to as-
sist in robot action learning. Leveraging large-scale human
videos, previous works investigate learning robotic represen-
tations [75, 5], manipulation priors [69, 48], and dexterous
hand control [68, 107]. Another prominent approach, VLA
models, leverages multimodal instruction datasets [71, 62, 42]
and robot data [9, 72, 91, 103] for co-training or pretraining,
enhancing the model’s reasoning and generalization abilities.
Specifically, RT-2 [117] innovatively incorporates large-scale
internet data and low-level action data for co-finetuning;
RoboFlamingo [58] directly loads the pretrained parameters
from OpenFlamingo [4] for visual instruction tuning; Robo-
Mamba [64] utilizes high-level common sense and robotics-
related reasoning data for co-training. Finally, a series of
works [65, 51, 56] leverage large assembler datasets, such

as Open X-Embodiment and ARIO, for pre-training. The
large-scale pre-training significantly enhances the fine-tuning
efficiency and generalization capability of policy models. Our
proposed real-world dataset and digital twin simulator provide
a large-scale pretraining dataset and a high-quality fine-tuning
dataset for policy learning in real-world applications, whose
efficacy is demonstrated via abundant experiments.

III. DATASET COLLECTION AND PROCESSING

In this work, we primarily introduce how the RoboMIND
dataset is collected on the robots and detail the process
of cleaning the RoboMIND dataset. Our dataset is col-
lected from four different robotic embodiments (Franka Emika
Panda [34], Tien Kung [12], AgileX Cobot Magic V2.0 [87],
and URSe [88]), totaling 107k trajectories on 479 tasks, 96
different object classes, and 38 operational skills. To support
the development of such a large-scale dataset, we develop
an intelligent data platform designed to collect, filter, and
process the dataset efficiently. This platform uses a cloud-
native architecture and distributed computing to handle large-
scale data processing, offering five main functionalities and
their corresponding modules:

1) Data Collection: Collect data from four types of robots
using teleoperation equipments and then automatically
transmit the collected data to the data platform;

2) Data Storage: Package and store the collected dataset
in a standardized HS5 format, including both visual data
of the robot’s executed actions and robotic proprioceptive
data of its movements;

3) Data Preprocessing: Filter the dataset based on prede-
fined standards, evaluating task execution accuracy, mo-
tion trajectory smoothness, and the presence of occlusion
or motion blur in the visual data;

4) Data Classification: Categorize the collected dataset by
robot type and specific tasks performed;

5) Data Annotation: Perform detailed linguistic annotations
on the collected dataset.

A. Data Collection and Storage

Teleoperation is widely applied in the data collection pro-
cesses for various types of robots [85, 114, 108, 40, 63,
106, 84, 16, 100]. Different types of robots also have spe-
cific teleoperation devices for data collection. For example,
researchers typically use VR headsets and motion capture
suits to collect humanoid robot motion data. They capture
the state of human movements and map this motion onto the
humanoid robot platform, enabling the robot to replicate these
movements while simultaneously collecting a comprehensive
dataset [16, 100]. RoboMIND contains teleoperation data in
real-world and simulation environments from various types of
robots, such as single-arm robots (Franka Emika Panda [34],
URSe [88]), dual-arm robots (AgileX Cobot Magic V2.0 [87]),
and humanoid robots (X-Humanoid Tien Kung [12]).

For the single-arm robots, following the Gello [106], we
construct the 3D-printed components and the servo motors that
match the Degrees of Freedom (DoF) of the robotic arm (see



Fig. 2: Visualization of teleoperation methods for different robots. (a) Using 3D-printed components to control the single-arm
robots. (b) Regulating the main robotic arm from the auxiliary arm for dual-arm operation. (c¢) Adopting a motion capture suit

to map onto the humanoid robot for operation.

Figure 2(a)). The motion of these 3D-printed components is
mapped to the robotic arm’s movements, thereby driving the
arm. Additionally, we use depth cameras to record the RGB-D
information of the robotic arm movement and simultaneously
receive the robot state of the robotic arm.

For the dual-arm robots, we directly utilize a bilateral tele-
operation device similar to the Mobile ALOHA system [31]
on the robot to collect the dataset. Figure 2(b) shows that we
employ a teleoperation structure using an auxiliary robotic arm
to control the main robotic arm.

For the humanoid robots, Figure 3
illustrates the structural design of the Tien
Kung humanoid robot utilized in Robo-
MIND. In terms of configuration, it is
highly modeled after humans. The robotic
arm is flexible and has a strong load-
carrying capacity, making it suitable for
performing operational tasks to collect
datasets. The dexterous hand is integrated
with multiple sensors for precise opera-
tion. With 42 degrees of freedom through-
out the whole body, it can perform a wide
variety of movements. In terms of visual
perception, depth cameras are installed on
its head, chest, waist, and back. The head
is equipped with the Orbbec Gemini 335 [79], and the other
parts are equipped with the Orbbec Gemini 335L [80]. These
cameras use active and passive stereo vision technology to pro-
vide multiple data streams, accurately record visual perception
information. Besides Gello-style teleoperation devices, we use
motion capture suits Xsens [74] to collect motion data from
various joints of the human body and then map the human
joint movements to the corresponding joint movements of a
humanoid robot. This allows the humanoid robot to perform
the same actions as the human body, enabling remote operation
for data collection. Using motion capture suits provides a more
accurate and direct method for capturing human movement,
compared to relying on VR headsets [16] and cameras [30]
for human pose recognition. Figure 2(c) visualizes how we
use a motion capture suit to collect data for humanoid robot
operation.

Fig. 3: The Tien
Kung humanoid

robot
tion.

configura-

TABLE II: Examples of the task definitions for Franka,
AgileX, and Tien Kung robots.

Task Name Task Description

The Franka single-arm robot grasps a
piece of bread and places it on a plate.

The AgileX robot packs the bowls.

FR-PlaceBreadPlate

AX-PackBowl

HR-OpenDrawer
LowerCabinet

The Tien Kung robot opens the bottom
drawer of the cabinet.

To optimize storage efficiency and facilitate dataset organi-
zation, we consolidate each collected trajectory, encompassing
multi-view RGB-D data, robot proprioceptive state informa-
tion, specific end-effector state information, and teleoperation
body state information, into a single HS format file.

B. Data Preprocessing and Classification

All data is collected from operators controlling the teleoper-
ation system in real-time, and errors can arise due to physical
limitations such as fatigue, habits, distractions, or external
disruptions. To mitigate these issues, we employ a rotation
rest system for operators and strive to provide a comfortable
working environment to help them stay focused. Additionally,
we perform comprehensive quality checks on collected data
to ensure its reliability. We define quality assurance criteria,
such as avoiding unnecessary contacts and repeated grabbing
(see Figure 4). The quality assurance consists of three steps:

« Initial Inspection: Quickly review videos to ensure there
is no obvious technical issue, such as frame loss or
freezing.

¢ Detailed Inspection: Review the video frame-by-frame
or in slow motion to carefully check if the conditions
described in Figure 4 are present.

« Data Filtering and Issue Logging: Document specific
timestamps and descriptions for non-compliant data and
categorize it for further processing or improvement.

For data classification, we adopt a task-centric data collec-
tion protocol, where each task serves as the fundamental unit
of the dataset. We classify the collected datasets according
to the task names, and each task name is comprehensively
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Fig. 4: We define 8 quality assurance criteria in the data collection process. Touch Excess: Unnecessary contact with objects by
the robotic arm; Movement not Smooth: Noticeable jerking or interruptions in robotic arm movements; Secondary Grabbing:
Repeated grasping attempts after failures in robotic arm operations; Mechanical Arm Shaking: Abnormal vibrations in the
robotic arm; Collision before Grabbing: Collision of the gripper with surrounding objects before grasping; Image Distortion:
Data collection quality issues; Failed Placement: Incorrect placement of objects; Gripper out of the Camera: Frames in
which the gripper exceeds video frame boundaries. During the data inspection process, all failures were annotated from videos.
We show 8 trajectory examples that failed to pass the quality assurance due to different reasons. Each example includes three
images that depict the dynamic process of the trajectory. We use red boxes and markers to highlight the reasons for failure.

Language description of the entire task process

Stéi): opﬁ the drawer

Step4: move towards the drawer with apple Step3: place the apple i the drawer

f /

Ste()‘: close the drawer

Fig. 5: Example of language description annotation. The video of the robotic arm placing the apple in the drawer is divided
into six segments using Gemini. The language descriptions provided for each segment were initially generated by Gemini and

subsequently refined through manual revision.

defined by four key components: (1) the specific robotic em-
bodiment utilized; (2) the manipulation skill being executed;
(3) the objects involved in the task; and (4) detailed scene
descriptions, including object positions, spatial relationships,
and environmental constraints or interfering elements. Table 11
shows examples of the task definition.

This structured task-based framework ensures systematic
data collection and enables fine-grained analysis of robotic
manipulation capabilities across different scenarios and tasks.

C. Data Annotation

While the visual and robot proprioceptive information can
be extracted directly from the collected videos and trajectories,
we need to provide better semantic information from the data

to aid model training. For each collection task, its detailed and
accurate linguistic descriptions are provided. These linguistic
annotations can be utilized for training currently popular VLA
models. In addition, RoboMIND collection tasks encompass
numerous long horizon tasks, where a uniform linguistic
description may be insufficient to capture the full complexity
and nuances of the entire task. Thus, we offer detailed fine-
grained linguistic annotations for each movement occurring
within a trajectory, as illustrated in Figure 5. We annotate 10k
successful robot motion trajectories, which are contained in
long horizon manipulation tasks. The annotation process in-
volves two primary steps. First, we use Gemini [96] to segment
each video based on the sequence of operations and generate
detailed text descriptions for each segment. These descriptions
















































