Open X-Embodiment: Robotic Learning Datasets and RT-X Models

Open X-Embodiment Collaboration”

robotics-transformer-x.github.io
Abby O’Neill32, Abdul Rehman®®, Abhiram Maddukuri*?, Abhishek Gupta**, Abhishek Padalkar!®, Abraham Lee32, Acorn Pooley!!
Agrim Gupta?7?, Ajay Mandlekar?®, Ajinkya Jain'5, Albert Tung?”, Alex Bewley'!, Alex Herzog!!, Alex Irpan'!, Alexander Khazatsky?7,
Anant Rai?2, Anchit Guptalg, Andrew Wang32, Anikait Singh11732, Animesh Gargg, Aniruddha Kembhavil, Annie Xie27, Anthony Brohan!!
Antonin Raffin!?, Archit Sharma27, Arefeh Yavary33, Arhan Jain**, Ashwin Balakrishna3?, Ayzaan Wahid!!, Ben Burgess—Limerick24,
Beomjoon Kim!7, Bernhard Schélkopfls, Blake Wulfe3!, Brian Ichter!!, Cewu Lu26:8, Charles Xu32, Charlotte Le32, Chelsea Finnl1:27,
Chen Wang27?, Chenfeng Xu32, Cheng Chi®27, Chenguang Huang3®, Christine Chan!!, Christopher Agia?”, Chuer Pan?7,
Chuyuan Full, Coline Devinl!, Danfei Xu®, Daniel Morton27, Danny Driess!?, Daphne Chen*4, Deepak Pathak?, Dhruv Shah32, Dieter Biichler!8,
Dinesh Jayaraman*C, Dmitry Kalashnikov!!, Dorsa Sadigh'!, Edward Johns'#, Ethan Foster?”, Fangchen Liu®2, Federico Ceola'®,
Fei Xiall, Feiyu Zhao'3, Freek Stulplo, Gaoyue Zhou?2, Gaurav S. Sukhatme?!, Gautam Salhotra*!>1% Ge Yan3%, Gilbert Feng32
Giulio Schiavi?, Glen Berseth39-20, Gregory Kahn32, Guanzhi Wa.ng3*21, Hao Su34, Hao-Shu Fang%, Haochen Shi27, Henghui Bao*!,

Heni Ben Amor

2, Henrik I Christensen34, Hiroki Furuta3?, Homer Walke32, Hongjie Fang2%, Huy Ha®27, Igor Mordatch!?,

Ilija Radosavovic32, Isabel Lealll, Jacky Liang“, Jad Abou-Chakra?4, Jaehyung Kim!7, Jaimyn Drake32, Jan Peters2®, Jan Schneider!8,
Jasmine Hsull, Jeannette Bohg27, Jeffrey Bingham“, Jeffrey Wu32, Jensen Gao?7, Jiaheng Hu29, Jiajun Wu27, Jialin Wul2, Jiankai Sun??
Jianlan Luo32, Jiayuan Gu3%, Jie Tan!'!, Jihoon Oh3°, Jimmy Wu?23, Jingpei Lu3%, Jingyun Yang?7, Jitendra Malik32,

Jodo Silvériol0, Joey Hejna27, Jonathan Booher?7, Jonathan Tompsonn, Jonathan Yang27, Jordi Salvador!, Joseph J. Lim!7, Junhyek Han!”
Kaiyuan Wang34, Kanishka Rao'?, Karl Pertsch®2:27, Karol Hausman'!, Keegan Go'®, Keerthana Gopalakrishnan'!, Ken Goldberg32,

Kendra Byrneu, Kenneth Oslund!!, Kento Kawaharazuka39, Kevin Black32, Kevin Lin27, Kevin Zhang4, Kiana Ehsani®,

Kiran Lekkala?!,

Kirsty Ellis3Y, Krishan Rana?4, Krishnan Srinivasan?”, Kuan Fang32, Kunal Pratap Singhe’, Kuo-Hao Zengl, Kyle Hatch3?, Kyle Hsu?7,
Laurent Itti!, Lawrence Yunliang Chen?2, Lerrel Pinto?2, Li Fei-Fei2”, Liam Tan32, Linxi ”Jim” Fan?!, Lionel Ott”, Lisa Leel?,

Luca Weihs?!,

Magnum Chen'3, Marion Lepert??, Marius Memmel44, Masayoshi Tomizuka32, Masha Itkina3!, Mateo Guaman Castro*4, Max Spero®”

Maximilian Du??, Michael Ahn!!, Michael C. Yip34, Mingtong Zhang37, Mingyu Ding32, Minho Heol7, Mohan Kumar Srirama%,

Mohit Sharma?

, Moo Jin Kim?27, Naoaki Kanazawa3?, Nicklas Hansen34, Nicolas Heess!!, Nikhil J Joshill, Niko Suenderhauf?4, Ning Liul3,

Norman Di Palo'*, Nur Muhammad Mahi Shafiullah?2, Oier Mees®, Oliver Kroemer?, Osbert Bastani*®, Pannag R Sanketi'!,
Patrick “Tree” Miller3!, Patrick Yin*4, Paul Wohlhart!?, Peng Xull, Peter David Fagan35, Peter Mitrano>8, Pierre Sermanet!!, Pieter Abbeel32,
Priya Sundaresan?7, Qiuyu Chen*4, Quan Vuongll, Rafael Rafailov!1:27 Ran Tian32, Ria Doshi32, Roberto Martin-Martin29,
Rohan Baijal*4, Rosario Scalise*4, Rose Hendrix!, Roy Lin32, Runjia Qian'3, Ruohan Zhang?”, Russell Mendonca*, Rutav Shah2?,
Ryan Hoque32, Ryan Julian!!, Samuel Bustamante!?, Sean Kirmanil?, Sergey Levine!1:32 Shan Lin34, Sherry Moore!!, Shikhar Bahl?,
Shivin Dass41’29, Shubham Sonawani2, Shuran Song5, Sichun Xu!!, Siddhant Haldar?2, Siddharth Karamcheti2”, Simeon Adebola32, Simon Guist!8,
Soroush Nasirianyzg, Stefan Schaall®, Stefan Welker!?!, Stephen Tian27, Subramanian Ramamooﬂhy35, Sudeep Dasari4, Suneel Belkhale27,

Sungjae Park!”, Suraj Nair®!, Suvir Mirchandani??, Takayuki Osa3C, Tanmay Gupta®

, Tatsuya Harada39-25, Tatsuya Matsushima30

Ted Xiao!l, Thomas Kollar3!, Tianhe Yull, Tianli Dingu, Todor Davchev!!, Tony Z. Zhao?7, Travis Armstrongu, Trevor Darrell32,
Trinity Chung32, Vidhi Jain11’4, Vincent Vanhouckell, Wei Zhan32, Wenxuan Zh0u11’4, ‘Wolfram Burgard42, Xi Chen“,
Xiaolong Wang3*, Xinghao Zhu®?2, Xinyang Geng®?, Xiyuan Liu'3, Xu Liangwei'2, Xuanlin Li®*, Yao Lu'!, Yecheng Jason Ma*?, Yejin Kim?!,

Yevgen Chebotar!!, Yifan Zhou?, Yifeng Zhu2?, Yilin Wu?,

Ying Xu'l, Yixuan Wang®7, Yonatan Bisk?, Yoonyoung Cho'7, Youngwoon Lee32

Yuchen Cui??, Yue Cao'3, Yueh-Hua Wu®4, Yujin Tang!!:30, Yuke Zhu2°, Yunchu Zhang**, Yunfan Jiang?7, Yunshuang Li%?,
Yunzhu Li37, Yusuke Iwasawa30, Yutaka Matsuo3C, Zehan Ma32, Zhuo Xull, Zichen Jeff Cui22, Zichen Zha.ngl, Zipeng Lin32

TOTO

QT—Opt & 1M Episodes

pick:i"yﬁ'ling E ’

z"’f

sweep the green
cloth to the left

side of the table *ﬁ 3

place the black

ﬂ bowl in the dish rack

Jaco Play

E ﬂ
stack cu

ALOHA

from ﬁ
34 Research Labs across 21 Institutions ' J

22 Embodlments

<hrgl

| PTG 527 Skills AT
Pis = Re . . i o
= o L
- set the bowl to
—= n the right side of
pour stack route © s

60 Datasets

POl <

+ 5,228 Objects -

311 Scenes E

pick green chip bag
from counter

23,486 Spatial Relations

Fig. 1: We propose an open, large-scale dataset for robot learning curated from 21 institutions across the globe. The dataset represents
diverse behaviors, robot embodiments and environments, and enables learning generalized robotic policies.

Abstract— Large, high-capacity models trained on diverse
datasets have shown remarkable successes on efficiently tackling
downstream applications. In domains from NLP to Computer
Vision, this has led to a consolidation of pretrained models,
with general pretrained backbones serving as a starting point
for many applications. Can such a consolidation happen in
robotics? Conventionally, robotic learning methods train a
separate model for every application, every robot, and even

every environment. Can we instead train ‘“‘generalist” X-robot
policy that can be adapted efficiently to new robots, tasks,
and environments? In this paper, we provide datasets in
standardized data formats and models to make it possible to
explore this possibility in the context of robotic manipulation,
alongside experimental results that provide an example of
effective X-robot policies. We assemble a dataset from 22
different robots collected through a collaboration between 21



institutions, demonstrating 527 skills (160266 tasks). We show
that a high-capacity model trained on this data, which we call
RT-X, exhibits positive transfer and improves the capabilities of
multiple robots by leveraging experience from other platforms.
The project website is robotics-transformer-x.github.io.

I. INTRODUCTION

A central lesson from advances in machine learning and
artificial intelligence is that large-scale learning from di-
verse datasets can enable capable Al systems by providing
for general-purpose pretrained models. In fact, large-scale
general-purpose models typically trained on large and di-
verse datasets can often outperform their narrowly targeted
counterparts trained on smaller but more task-specific data.
For instance, open-vocab classifiers (e.g., CLIP [1]) trained
on large datasets scraped from the web tend to outperform
fixed-vocabulary models trained on more limited datasets,
and large language models [2, 3] trained on massive text
corpora tend to outperform systems that are only trained on
narrow task-specific datasets. Increasingly, the most effective
way to tackle a given narrow task (e.g., in vision or NLP)
is to adapt a general-purpose model. However, these lessons
are difficult to apply in robotics: any single robotic domain
might be too narrow, and while computer vision and NLP can
leverage large datasets sourced from the web, comparably
large and broad datasets for robotic interaction are hard to
come by. Even the largest data collection efforts still end
up with datasets that are a fraction of the size and diversity
of benchmark datasets in vision (5-18M) [4, 5] and NLP
(1.5B-4.5B) [6, 7]. More importantly, such datasets are often
still narrow along some axes of variation, either focusing on
a single environment, a single set of objects, or a narrow
range of tasks. How can we overcome these challenges in
robotics and move the field of robotic learning toward large
data regime that has been so successful in other domains?

Inspired by the generalization made possible by pretrain-
ing large vision or language models on diverse data, we
take the perspective that the goal of training generalizable
robot policies requires X-embodiment training, i.e., with
data from multiple robotic platforms. While each individual
robotic learning dataset might be too narrow, the union of
all such datasets provides a better coverage of variations
in environments and robots. Learning generalizable robot
policies requires developing methods that can utilize X-
embodiment data, tapping into datasets from many labs,
robots, and settings. Even if such datasets in their current
size and coverage are insufficient to attain the impressive
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generalization results that have been demonstrated by large
language models, in the future, the union of such data can
potentially provide this kind of coverage. Because of this, we
believe that enabling research into X-embodiment robotic
learning is critical at the present juncture.

Following this rationale, we have two goals: (1) Evaluate
whether policies trained on data from many different robots
and environments enjoy the benefits of positive transfer,
attaining better performance than policies trained only on
data from each evaluation setup. (2) Organize large robotic
datasets to enable future research on X-embodiment models.

We focus our work on robotic manipulation. Addressing
goal (1), our empirical contribution is to demonstrate that
several recent robotic learning methods, with minimal mod-
ification, can utilize X-embodiment data and enable positive
transfer. Specifically, we train the RT-1 [8] and RT-2 [9]
models on 9 different robotic manipulators. We show that
the resulting models, which we call RT-X, can improve over
policies trained only on data from the evaluation domain,
exhibiting better generalization and new capabilities. Ad-
dressing (2), we provide the Open X-Embodiment (OXE)
Repository, which includes a dataset with 22 different robotic
embodiments from 21 different institutions that can enable
the robotics community to pursue further research on X-
embodiment models, along with open-source tools to facili-
tate such research. Our aim is not to innovate in terms of the
particular architectures and algorithms, but rather to provide
the model that we trained together with data and tools to
energize research around X-embodiment robotic learning.

II. RELATED WORK

Transfer across embodiments. A number of prior works
have studied methods for transfer across robot embodiments
in simulation [10-22] and on real robots [23-29]. These
methods often introduce mechanisms specifically designed to
address the embodiment gap between different robots, such
as shared action representations [14, 30], incorporating rep-
resentation learning objectives [17, 26], adapting the learned
policy on embodiment information [11, 15, 18, 30, 31], and
decoupling robot and environment representations [24]. Prior
work has provided initial demonstrations of X-embodiment
training [27] and transfer [25, 29, 32] with transformer
models. We investigate complementary architectures and
provide complementary analyses, and, in particular, study the
interaction between X-embodiment transfer and web-scale
pretraining. Similarly, methods for transfer across human
and robot embodiments also often employ techniques for
reducing the embodiment gap, i.e. by translating between
domains or learning transferable representations [33—43]. Al-
ternatively, some works focus on sub-aspects of the problem
such as learning transferable reward functions [17, 44—-48],
goals [49, 50], dynamics models [51], or visual representa-
tions [52-59] from human video data. Unlike most of these
prior works, we directly train a policy on X-embodiment
data, without any mechanisms to reduce the embodiment gap,
and observe positive transfer by leveraging that data.

Large-scale robot learning datasets. The robot learning
community has created open-source robot learning datasets,
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Fig. 2: The Open X-Embodiment Dataset. (a): the dataset consists of 60 individual datasets across 22 embodiments. (b): the Franka robot
has the largest diversity in visually distinct scenes due to the large number of Franka datasets, (c¢): xArm and Google Robot contribute
the most number of trajectories due to a few large datasets, (d, e): the dataset contains a great diversity of skills and common objects.

spanning grasping [60—71], pushing interactions [23, 72-74],
sets of objects and models [75-85], and teleoperated demon-
strations [8, 86-95]. With the exception of RoboNet [23],
these datasets contain data of robots of the same type,
whereas we focus on data spanning multiple embodiments.
The goal of our data repository is complementary to these
efforts: we process and aggregate a large number of prior
datasets into a single, standardized repository, called Open
X-Embodiment, which shows how robot learning datasets
can be shared in a meaningul and useful way.

Language-conditioned robot learning. Prior work has
aimed to endow robots and other agents with the ability to
understand and follow language instructions [96-101], often
by learning language-conditioned policies [8, 40, 45, 102—
106]. We train language-conditioned policies via imitation
learning like many of these prior works but do so using
large-scale multi-embodiment demonstration data. Following
previous works that leverage pre-trained language embed-
dings [8, 40, 45, 103, 107-112] and pre-trained vision-
language models [9, 113—115] in robotic imitation learning,
we study both forms of pre-training in our experiments,
specifically following the recipes of RT-1 [8] and RT-2 [9].

III. THE OPEN X-EMBODIMENT REPOSITORY

We introduce the Open X-Embodiment Repository
(robotics-transformer-x.github.io) — an open-source reposi-
tory which includes large-scale data along with pre-trained
model checkpoints for X-embodied robot learning research.
More specifically, we provide and maintain the following
open-source resources to the broader community:

e Open X-Embodiment Dataset: robot learning dataset
with IM+ robot trajectories from 22 robot embodi-
ments.

o Pre-Trained Checkpoints: a selection of RT-X model
checkpoints ready for inference and finetuning.

We intend for these resources to form a foundation for X-
embodiment research in robot learning, but they are just
the start. Open X-Embodiment is a community-driven effort,
currently involving 21 institutions from around the world,
and we hope to further broaden participation and grow the
initial Open X-Embodiment Dataset over time. In this sec-
tion, we summarize the dataset and X-embodiment learning
framework, before discussing the specific models we use to
evaluate our dataset and our experimental results.

A. The Open X-Embodiment Dataset

The Open X-Embodiment Dataset contains 1M+ real robot
trajectories spanning 22 robot embodiments, from single
robot arms to bi-manual robots and quadrupeds. The dataset
was constructed by pooling 60 existing robot datasets from
34 robotic research labs around the world and converting
them into a consistent data format for easy download and
usage. We use the RLDS data format [119], which saves data
in serialized t frecord files and accommodates the various
action spaces and input modalities of different robot setups,
such as differing numbers of RGB cameras, depth cameras
and point clouds. It also supports efficient, parallelized data
loading in all major deep learning frameworks. For more
details about the data storage format and a breakdown of all
60 datasets, see robotics-transformer-x.github.io.

B. Dataset Analysis

Fig. 2 analyzes the Open X-Embodiment Dataset. Fig. 2(a)
shows the breakdown of datasets by robot embodiments,
with the Franka robot being the most common. This is
reflected in the number of distinct scenes (based on dataset
metadata) per embodiment (Fig. 2(b)), where Franka dom-
inates. Fig. 2(c) shows the breakdown of trajectories per
embodiment. To further analyze the diversity, we use the
language annotations present in our data. We use the PaLM
language model [3] to extract objects and behaviors from
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the instructions. Fig. 2(d,e) show the diversity of skills and
objects. While most skills belong to the pick-place family,
the long tail of the dataset contains skills like “wiping” or
“assembling”. Additionally, the data covers a range of house-
hold objects, from appliances to food items and utensils.

IV. RT-X DESIGN

To evaluate how much X-embodiment training can im-
prove the performance of learned policies on individual
robots, we require models that have sufficient capacity to
productively make use of such large and heterogeneous
datasets. To that end, our experiments will build on two
recently proposed Transformer-based robotic policies: RT-
1 [8] and RT-2 [9]. We briefly summarize the design of these
models in this section, and discuss how we adapted them to
the X-embodiment setting in our experiments.

A. Data format consolidation

One challenge of creating X-embodiment models is that
observation and action spaces vary significantly across
robots. We use a coarsely aligned action and observation
space across datasets. The model receives a history of
recent images and language instructions as observations and
predicts a 7-dimensional action vector controlling the end-
effector (z, y, 2, roll, pitch, yaw, and gripper opening or the
rates of these quantities). We select one canonical camera
view from each dataset as the input image, resize it to a com-
mon resolution and convert the original action set into a 7
DoF end-effector action. We normalize each dataset’s actions
prior to discretization. This way, an output of the model can
be interpreted (de-normalized) differently depending on the
embodiment used. It should be noted that despite this coarse
alignment, the camera observations still vary substantially
across datasets, e.g. due to differing camera poses relative
to the robot or differing camera properties, see Figure 3.
Similarly, for the action space, we do not align the coordinate
frames across datasets in which the end-effector is controlled,
and allow action values to represent either absolute or relative
positions or velocities, as per the original control scheme
chosen for each robot. Thus, the same action vector may
induce very different motions for different robots.

B. Policy architectures

We consider two model architectures in our experiments:
(1) RT-1 [8], an efficient Transformer-based architecture

designed for robotic control, and (2) RT-2 [9] a large vision-
language model co-fine-tuned to output robot actions as
natural language tokens. Both models take in a visual input
and natural language instruction describing the task, and
output a tokenized action. For each model, the action is
tokenized into 256 bins uniformly distributed along each of
eight dimensions; one dimension for terminating the episode
and seven dimensions for end-effector movement. Although
both architectures are described in detail in their original
papers [8, 9], we provide a short summary of each below:

RT-1 [8] is a 35M parameter network built on a Trans-
former architecture [118] and designed for robotic control,
as shown in Fig. 3. It takes in a history of 15 images
along with the natural language. Each image is processed
through an ImageNet-pretrained EfficientNet [117] and the
natural language instruction is transformed into a USE [120]
embedding. The visual and language representations are then
interwoven via FiLM [116] layers, producing 81 vision-
language tokens. These tokens are fed into a decoder-only
Transformer, which outputs the tokenized actions.

RT-2 [9] is a family of large vision-language-action
models (VLAs) trained on Internet-scale vision and language
data along with robotic control data. RT-2 casts the tokenized
actions to text tokens, e.g., a possible action may be “1 128
91 241 5 101 127”. As such, any pretrained vision-language
model (VLM [121-123]) can be finetuned for robotic control,
thus leveraging the backbone of VLMs and transferring some
of their generalization properties. In this work, we focus on
the RT-2-PalLI-X variant [121] built on a backbone of a visual
model, ViT [124], and a language model, UL2 [125], and
pretrained primarily on the WebLI [121] dataset.

C. Training and inference details

Both models use a standard categorical cross-entropy
objective over their output space (discrete buckets for RT-
1 and all possible language tokens for RT-2).

We define the robotics data mixture used across all of
the experiments as the data from 9 manipulators, and taken
from RT-1 [8], QT-Opt [66], Bridge [95], Task Agnostic
Robot Play [126, 127], Jaco Play [128], Cable Routing [129],
RoboTurk [86], NYU VINN [130], Austin VIOLA [131],
Berkeley Autolab URS [132], TOTO [133] and Language
Table [91] datasets. RT-1-X is trained on only robotics
mixture data defined above, whereas RT-2-X is trained via
co-fine-tuning (similarly to the original RT-2 [9]), with an
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Evaluation Setting

Evaluation Location IRIS (Stanford) RAIL Lab (UCB) Google Robotic Lab

Bridge Bridge RT-1 paper 6 skills

Robot Embodiment WidowX WidowX Google Robot
Original Method LCBC [95] LCBC [95] -
Original Method 13% 13% -

RT-1 40% 30% 92%
RT-1-X 27% 27% 73%
RT-2-X (55B) 50% 30% 91%

TABLE I: Parameter count scaling experiment to assess the impact
of capacity on absorbing large-scale diverse embodiment data. For
these large-scale datasets (Bridge and RT-1 paper data), RT-1-X
underfits and performs worse than the Original Method and RT-1.
RT-2-X model with significantly many more parameters can obtain
strong performance in these two evaluation scenarios.
approximately one to one split of the original VLM data
and the robotics data mixture. Note that the robotics data
mixture used in our experiments includes 9 embodiments
which is fewer than the entire Open X-Embodiment dataset
(22) — the practical reason for this difference is that we have
continued to extend the dataset over time, and at the time
of the experiments, the dataset above represented all of the
data. In the future, we plan to continue training policies on
the extended versions of the dataset as well as continue to
grow the dataset together with the robot learning community.
At inference time, each model is run at the rate required
for the robot (3-10 Hz), with RT-1 run locally and RT-2
hosted on a cloud service and queried over the network.

V. EXPERIMENTAL RESULTS

Our experiments answer three questions about the effect
of X-embodiment training: (1) Can policies trained on our
X-embodiment dataset effectively enable positive transfer,
such that co-training on data collected on multiple robots
improves performance on the training task? (2) Does co-
training models on data from multiple platforms and tasks
improve generalization to new, unseen tasks? (3) What is the
influence of different design dimensions, such as model size,
model architecture or dataset composition, on performance
and generalization capabilities of the resulting policy? To
answer these questions we conduct the total number of 3600
evaluation trials across 6 different robots.

A. In-distribution performance across different embodiments

To assess the ability of RT-X models to learn from X-
embodiment data, we evaluate performance on in-distribution
tasks. We split our evaluation into two types: evaluation on
domains that have small-scale datasets (Fig. 4), where we
would expect transfer from larger datasets to significantly

improve performance, and evaluation on domains that have
large-scale datasets (Table I), where we expect further im-
provement to be more challenging. Note that we use the
same robotics data training mixture (defined in Sec. IV-C) for
all the evaluations presented in this section. For small-scale
dataset experiments, we use Kitchen Manipulation [128],
Cable Routing [129], NYU Door Opening [130], AUTOLab
URS [132], and Robot Play [134]. We use the same evalua-
tion and robot embodiment as in the respective publications.
For large-scale dataset experiments, we consider Bridge [95]
and RT-1 [8] for in-distribution evaluation and use their
respective robots: WidowX and Google Robot.

For each small dataset domain, we compare the perfor-
mance of the RT-1-X model, and for each large dataset
we consider both the RT-1-X and RT-2-X models. For
all experiments, the models are co-trained on the full X-
embodiment dataset. Throughout this evaluation we compare
with two baseline models: (1) The model developed by
the creators of the dataset trained only on that respective
dataset. This constitutes a reasonable baseline insofar as
it can be expected that the model has been optimized to
work well with the associated data; we refer to this baseline
model as the Original Method model. (2) An RT-1 model
trained on the dataset in isolation; this baseline allows us to
assess whether the RT-X model architectures have enough
capacity to represent policies for multiple different robot
platforms simultaneously, and whether co-training on multi-
embodiment data leads to higher performance.

Small-scale dataset domains (Fig. 4). RT-1-X outper-
forms Original Method trained on each of the robot-specific
datasets on 4 of the 5 datasets, with a large average im-
provement, demonstrating domains with limited data benefit
substantially from co-training on X-embodiment data.

Large-scale dataset domains (Table I). In the large-
dataset setting, the RT-1-X model does not outperform
the RT-1 baseline trained on only the embodiment-specific
dataset, which indicates underfitting for that model class.
However, the larger RT-2-X model outperforms both the
Original Method and RT-1 suggesting that X-robot training
can improve performance in the data-rich domains, but only
when utilizing a sufficiently high-capacity architecture.

B. Improved generalization to out-of-distribution settings

We now examine how X-embodiment training can enable
better generalization to out-of-distribution settings and more
complex and novel instructions. These experiments focus on
the high-data domains, and use the RT-2-X model.



Row Model Size History Length Dataset

Co-Trained w/ Web Initial Checkpoint Emergent Skills Evaluation RT-2 Generalization Evaluation

(1) RT-2 55B none Google Robot action Yes
(2) RT-2-X 55B none Robotics data Yes
(3) RT-2-X 55B none Robotics data except Bridge Yes
(4) RT-2-X 5B 2 Robotics data Yes
(5) RT-2-X 5B none Robotics data Yes
(6) RT-2-X 5B 2 Robotics data No
(7) RT-2-X 5B 2 Robotics data No

Web-pretrained 27.3% 62%
Web-pretrained 75.8% 61%
Web-pretrained 42.8% 54%
Web-pretrained 44.4% 52%
Web-pretrained 14.5% 30%
From scratch 0% 1%
Web-pretrained 48.7% 47%

TABLE II: Ablations to show the impact of design decisions on generalization (to unseen objects, backgrounds, and environments) and
emergent skills (skills from other datasets on the Google Robot), showing the importance of Web-pretraining, model size, and history.

Unseen objects, backgrounds and environments. We
first conduct the same evaluation of generalization properties
as proposed in [9], testing for the ability to manipulate
unseen objects in unseen environments and against unseen
backgrounds. We find that RT-2 and RT-2-X perform roughly
on par (Table II, rows (1) and (2), last column). This is not
unexpected, since RT-2 already generalizes well (see [9])
along these dimensions due to its VLM backbone.

Emergent skills evaluation. To investigate the transfer
of knowledge across robots, we conduct experiments with
the Google Robot, assessing the performance on tasks like
the ones shown in Fig. 5. These tasks involve objects and
skills that are not present in the RT-2 dataset but occur in the
Bridge dataset [95] for a different robot (the WidowX robot).
Results are shown in Table II, Emergent Skills Evaluation
column. Comparing rows (1) and (2), we find that RT-2-X
outperforms RT-2 by ~ 3Xx, suggesting that incorporating
data from other robots into the training improves the range
of tasks that can be performed even by a robot that already
has large amounts of data available. Our results suggest that
co-training with data from other platforms imbues the RT-2-
X controller with additional skills for the platform that are
not present in that platform’s original dataset.

Our next ablation involves removing the Bridge dataset
from RT-2-X training: Row (3) shows the results for RT-2-
X that includes all data used for RT-2-X except the Bridge
dataset. This variation significantly reduces performance on
the hold-out tasks, suggesting that transfer from the WidowX
data may indeed be responsible for the additional skills that
can be performed by RT-2-X with the Google Robot.

C. Design decisions

Lastly, we perform ablations to measure the influence of
different design decisions on the generalization capabilities
of our most performant RT-2-X model, which are presented
in Table II. We note that including a short history of im-
ages significantly improves generalization performance (row
(4) vs row (5)). Similarly to the conclusions in the RT-2
paper [9], Web-based pre-training of the model is critical
to achieving a high performance for the large models (row
(4) vs row (6)). We also note that the 558 model has
significantly higher success rate in the Emergent Skills com-
pared to the 558 model (row (2) vs row (4)), demonstrating
that higher model capacity enables higher degree of transfer
across robotic datasets. Contrary to previous RT-2 findings,
co-fine-tuning and fine-tuning have similar performance in
both the Emergent Skills and Generalization Evaluation (row
(4) vs row (7)), which we attribute to the fact that the robotics
data used in RT-2-X is much more diverse than the previously
used robotics datasets.
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Fig. 5: To assess transfer between embodiments, we evaluate the
RT-2-X model on out-of-distribution skills. These skills are in
the Bridge dataset, but not in the Google Robot dataset (the
embodiment they are evaluated on).

VI. DISCUSSION, FUTURE WORK, AND OPEN PROBLEMS

We presented a consolidated dataset that combines data
from 22 robotic embodiments collected through a collab-
oration between 21 institutions, demonstrating 527 skills
(160266 tasks). We also presented an experimental demon-
stration that Transformer-based policies trained on this data
can exhibit significant positive transfer between the different
robots in the dataset. Our results showed that the RT-1-
X policy has a 50% higher success rate than the original,
state-of-the-art methods contributed by different collabo-
rating institutions, while the bigger vision-language-model-
based version (RT-2-X) demonstrated ~ 3x generalization
improvements over a model trained only on data from the
evaluation embodiment. In addition, we provided multiple
resources for the robotics community to explore the X-
embodiment robot learning research, including: the unified
X-robot and X-institution dataset, sample code showing
how to use the data, and the RT-1-X model to serve as a
foundation for future exploration.

While RT-X demonstrates a step towards a X-embodied
robot generalist, many more steps are needed to make this
future a reality. Our experiments do not consider robots
with very different sensing and actuation modalities. They
do not study generalization to new robots, and provide a
decision criterion for when positive transfer does or does
not happen. Studying these questions is an important future
work direction. This work serves not only as an example that
X-robot learning is feasible and practical, but also provide
the tools to advance research in this direction in the future.
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