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ABSTRACT

By transferring knowledge from large, diverse, task-agnostic datasets, modern ma-
chine learning models can solve specific downstream tasks either zero-shot or with
small task-specific datasets to a high level of performance. While this capability
has been demonstrated in other fields such as computer vision, natural language
processing or speech recognition, it remains to be shown in robotics, where the
generalization capabilities of the models are particularly critical due to the dif-
ficulty of collecting real-world robotic data. We argue that one of the keys to
the success of such general robotic models lies with open-ended task-agnostic
training, combined with high-capacity architectures that can absorb all of the di-
verse, robotic data. In this paper, we present a model class, dubbed Robotics
Transformer, that exhibits promising scalable model properties. We verify our
conclusions in a study of different model classes and their ability to generalize as
a function of the data size, model size, and data diversity based on a large-scale
data collection on real robots performing real-world tasks. The project’s website
and videos can be found at robotics-transformer.github.io

1 INTRODUCTION

End-to-end robotic learning, with either imitation or reinforcement, typically involves collecting
task-specific data in either single-task (Kalashnikov et al., 2018; Zhang et al., 2018) or multi-
task (Kalashnikov et al., 2021b; Jang et al., 2021) settings that are narrowly tailored to the tasks
that the robot should perform. This workflow mirrors the classic approach to supervised learning in
other domains, such as computer vision and NLP, where task-specific datasets would be collected,
labeled, and deployed to solve individual tasks, with little interplay between the tasks themselves.
Recent years have seen a transformation in vision, NLP, and other domains, away from siloed, small-
scale datasets and models and towards large, general models pre-trained on broad, large datasets.
The keys to the success of such models lie with open-ended task-agnostic training, combined with
high-capacity architectures that can absorb all of the knowledge present in large-scale datasets. If a
model can “sponge up” experience to learn general patterns in language or perception, then it can
bring them to bear on individual tasks more efficiently. While removing the need for large task-
specific datasets is appealing generally in supervised learning, it is even more critical in robotics,
where datasets might require engineering-heavy autonomous operation or expensive human demon-
strations. We therefore ask: can we train a single, capable, large multi-task backbone model on data
consisting of a wide variety of robotic tasks? And does such a model enjoy the benefits observed in
other domains, exhibiting zero-shot generalization to new tasks, environments, and objects?

Building such models in robotics is not easy. Although recent years have seen several large multi-
task robot policies proposed in the literature (Reed et al., 2022; Jang et al., 2021), such models often
have limited breadth of real-world tasks, as with Gato (Reed et al., 2022), or focus on training tasks
rather than generalization to new tasks, as with recent instruction following methods (Shridhar et al.,
2021; 2022), or attain comparatively lower performance on new tasks (Jang et al., 2021).

1Authors listed in alphabetical order. Contributions in Appendix A.
Corresponding emails: {keerthanapg,kanishkarao,karolhausman}@google.com.
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(a) RT-1 takes images and natural language instructions and outputs discretized base and arm actions. Despite
its size (35M parameters), it does this at 3 Hz, due to its ef�cient yet high-capacity architecture: a FiLM (Perez
et al., 2018) conditioned Ef�cientNet (Tan & Le, 2019), a TokenLearner (Ryoo et al., 2021), and a Trans-
former (Vaswani et al., 2017).

(b) RT-1's large-scale, real-world training (130k demonstrations) and evaluation (3000 real-world trials) show
impressive generalization, robustness, and ability to learn from diverse data.

Figure 1: A high-level overview of RT-1's architecture, dataset, and evaluation.

The two main challenges lie in assembling the right dataset and designing the right model. While
data collection and curation is often the “unsung hero” of many large-scale machine learning
projects (Radford et al., 2021; Ramesh et al., 2021), this is especially true in robotics, where datasets
are often robot-speci�c and gathered manually (Dasari et al., 2019; Ebert et al., 2021). As we will
show in our evaluations, good generalization requires datasets that combine both scale and breadth,
covering a variety of tasks and settings. At the same time, the tasks in the dataset should be suf�-
ciently well-connected to enable generalization, such that the model can discover the patterns be-
tween structural similar tasks and perform new tasks that combine those patterns in novel ways. We
utilize a dataset that we gathered over the course of 17 months with a �eet of 13 robots, containing
� 130k episodes and over 700 tasks, and we ablate various aspects of this dataset in our evaluation.

The second challenge lies in the design of the model itself. Effective robotic multi-task learning
requires a high capacity model, and Transformer (Vaswani et al., 2017) models excel in this regard,
particularly when it is necessary to learn many tasks conditioned, as in our case, on language instruc-
tions. However, robotic controllers must also be ef�cient enough to run in real time, which presents
a major challenge for Transformers in particular. We propose a novel architecture that we call RT-1
(Robotics Transformer 1), which by encoding high-dimensional inputs and outputs, including cam-
era images, instructions and motor commands into compact token representations to be used by the
Transformer, allows for ef�cient inference at runtime to make real-time control feasible.

Our contribution is the RT-1 model and experiments with this model on a large and broad dataset of
real-world robotic tasks. Our experiments not only demonstrate that RT-1 can exhibit signi�cantly
improved generalization and robustness compared to prior techniques, but also evaluate and ablate
many design choices in both the model and in the composition of the training set. Our results show
that RT-1 can perform over 700 training instructions at 97% success rate, and can generalize to new
tasks, distractors, and backgrounds 25%, 36% and 18% better than the next best baseline, respec-
tively. This level of performance allows us to execute very long-horizon tasks in the SayCan (Ahn
et al., 2022) framework, with as many as 50 stages. We further show that RT-1 can incorporate data
from simulation or even other robot types, retaining performance on the original tasks and improving
generalization to new scenarios. A short overview of RT-1 capabilities is presented in Fig. 1b2.

2Helper robots shown in Fig. 1-5 are from Everyday Robots
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2 RELATED WORK

A number of recent works have proposed Transformer-based policies for robotic control. As in
RT-1, several works use language commands processed with Transformers as a robust framework
for specifying and generalizing to new tasks (Zhang & Chai, 2021; Pashevich et al., 2021; Silva
et al., 2021; Jang et al., 2021; Ahn et al., 2022; Nair et al., 2022). Our work takes the application
of Transformers a step further and treats the mapping of language and vision observations to robot
actions as a sequence modelling problem, using a Transformer to learn this mapping. This idea
is directly inspired by successes in game-playing (Chen et al., 2021; Lee et al., 2022a) as well
as simulated robot navigation (Fang et al., 2019), locomotion (Janner et al., 2021; Gupta et al.,
2022), and manipulation (Jiang et al., 2022) environments. We note that several of these works go
beyond only text conditioning and use Transformers to also generalize across robot morphologies
(e.g., Gupta et al. (2022)) and other modalities for task speci�cations (e.g., Jang et al. (2021); Jiang
et al. (2022)). These extensions are promising future directions for RT-1.

Beyond Transformer-based policies, the focus of our work is on generalizable and robust real-world
robotic manipulation at scale. Existing works on real-world Transformer-based robotic manipulation
focus on ef�ciently learning tasks from a set of demonstrations per task (Shridhar et al., 2022).
Behavior Transformer (Sha�ullah et al., 2022) and Gato (Reed et al., 2022) advocate for training
a single model on large-scale robotic and non-robotic datasets. However, these works are limited
in their real-world robotic tasks; e.g., Gato learns effectively a single task (colored block stacking)
without evaluating generalization to new tasks or a variety of real-world settings. On the technical
side, our work examines how Transformer-based policies can be built so as to combine high capacity
and generalization with the computational ef�ciency necessary for real-time control.

While the use of high-capacity Transformer models to learn robotic control policies is a fairly recent
innovation, robotics has a long history of multi-task and language-conditioned learning, and RT-1
builds on these foundations. A signi�cant body of work deals with learning policies and predictive
models for robotic grasping (Saxena et al., 2006; Lenz et al., 2015; Pinto & Gupta, 2016; Gupta
et al., 2018; Viereck et al., 2017), with the aim of generalizing to new objects. Prior works have
sought to address robotic language understanding through pipelined approaches that combine lan-
guage parsing, vision, and robotic control (MacMahon et al., 2006; Kollar et al., 2010; Tellex et al.,
2011) and with end-to-end approaches (Mei et al., 2016; Stepputtis et al., 2020; Lynch & Sermanet,
2020; Ahn et al., 2022). Multi-task robotic learning has also been approached from the perspective
of learning to reach goals (Chung et al., 2015; Raf�n et al., 2019; Jurgenson et al., 2020; Huang
et al., 2020), as well as learning policies that can perform tasks in a discrete set or some other pa-
rameterized form (Deisenroth et al., 2014; Devin et al., 2017; Fox et al., 2019; Kalashnikov et al.,
2021a). A number of prior works in robotics have also focused on collecting datasets containing
demonstrations or trials that illustrate a variety of different tasks (Sharma et al., 2018; Dasari et al.,
2019; Yu et al., 2020; Singh et al., 2020; James et al., 2020). Our work adds further evidence in
support of the power of multi-task, language-conditioned robotic learning, presenting experimental
results at a larger scale and with a greater variety of behaviors, objects, and scenes and proposing
new architectures and design choices that enable robotic learning at a signi�cantly larger scale.

3 PRELIMINARIES

Robot learning. We aim to learn robot policies to solve language-conditioned tasks from vision.
Formally, we consider a sequential decision-making environment. At timestept = 0 , the policy�
is presented with a language instructioni and an initial image observationx0. The policy produces
an action distribution� (� j i; x 0) from which an actiona0 is sampled and applied to the robot.
This process continues, with the policy iteratively producing actionsat by sampling from a learned
distribution� (� j i; f x j gt

j =0 ) and applying those actions to the robot. The interaction ends when a
termination condition is achieved. The full interactioni; f (x j ; aj )gT

j =0 from the starting stept = 0
to terminating stepT is referred to as anepisode. At the end of an episode, the agent will be given
a binary rewardr 2 f 0; 1g indicating whether the robot performed the instructioni . The goal is to
learn a policy� that maximizes the average reward, in expectation over a distribution of instructions,
starting statesx0, and transition dynamics.
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Transformers. RT-1 uses a Transformer (Vaswani et al., 2017) to parameterize the policy� . Gener-
ally speaking, a Transformer is a sequence model mapping an input sequencef � h gH

h=0 to an output
sequencef yk gK

k=0 using combinations of self-attention layers and fully-connected neural networks.
While Transformers were originally designed for text sequences, where each input� j and outputyk
represents a text token, they have been extended to images (Parmar et al., 2018) as well as other
modalities (Lee et al., 2022a; Reed et al., 2022). As detailed in the next section, we parameterize
� by �rst mapping inputsi; f x j gt

j =0 to a sequencef � h gH
h=0 and action outputsat to a sequence

f yk gK
k=0 before using a Transformer to learn the mappingf � h gH

h=0 ! f yk gK
k=0 .

Imitation learning. Imitation learning methods train the policy� on a datasetD of demonstra-
tions (Pomerleau, 1988; Zhang et al., 2018; Jang et al., 2021). Speci�cally, we assume access to
a datasetD = f (i (n ) ; f (x (n )

t ; a(n )
t )gT ( n )

t =0 )gN
n =0 of episodes, all of which are successful (i.e., have a

�nal reward of 1). We learn� usingbehavioral cloning(Pomerleau, 1988), which optimizes� by
minimizing the negative log-likelihood of actionsat given the images and language instructions.

4 SYSTEM OVERVIEW

The goal of this work is to build and demonstrate a general robot learning system that can ab-
sorb large amounts of data and generalize effectively. We use mobile manipulators from Everyday
Robots3, which have a 7 degree-of-freedom arm, a two-�ngered gripper, and a mobile base (see
Fig. 2 (d)). To collect data and evaluate our method, we use three kitchen-based environments: two
real of�ce kitchens and a training environment modelled off these real kitchens. The training en-
vironment, shown in Fig. 2 (a), consists of partial counters and is constructed for large scale data
collection. The two real environments, shown in Fig. 2 (b, c), have similar counter tops to the train-
ing environment, but vary in lighting, background, and full kitchen geometry (e.g., there may be a
cabinet instead of a drawer or a sink may be visible). We evaluate the performance of our policies
across these different environments, measuring the policy's performance and ability to generalize.

Our training data consists of human-provided demonstrations, and we annotate each episode with a
textual description of the instruction that the robot just performed. The instructions usually contain
a verb and one or more nouns describing the target objects. To group these instructions together, we
split them into a number of skills (e.g., verbs such as “pick”, “open” or “place upright”) and objects
(e.g., nouns such as “coke can”, “apple”, or “drawer”). We describe the details of our data collec-
tion strategy at scale in Sec. 5.2. Our largest dataset contains over 130k individual demonstrations
constituting over 700 distinct task instructions using a large variety of objects (see Fig. 2 (f)). We
describe the details of the data collected in Sec. 5.2.

One of the main contributions of our system is the network architecture, Robotics Transformer 1
(RT-1), an ef�cient model that can absorb large amounts of data, effectively generalize, and output
actions at real-time rates for practical robotic control. RT-1 takes a short sequence of images and
a natural language instruction as input and outputs an action for the robot at each time step. To
this end, the architecture (shown in Figure 1a) leverages several elements: �rst the images and
text are processed via an ImageNet pretrained convolutional network (Tan & Le, 2019) conditioned
on a pretrained embedding of the instruction via FiLM (Perez et al., 2018), followed by a Token
Learner (Ryoo et al., 2021) to compute a compact set of tokens, and �nally a Transformer (Vaswani
et al., 2017) to attend over these tokens and produce discretized action tokens. The actions consist
of seven dimensions for the arm movement (x, y, z, roll, pitch, yaw, opening of the gripper), three
dimensions for base movement (x, y, yaw) and a discrete dimension to switch between three modes:
controlling the arm, the base, or terminating the episode. RT-1 performs closed-loop control and
commands actions at3 Hz until it either yields a “terminate” action or hits a pre-set time step limit.

5 RT-1: ROBOTICSTRANSFORMER

In this section, we describe how we tokenize the images, text, and actions, and then discuss the RT-1
model architecture. We then describe how we attain the runtime speed required for real-time control.
Lastly, we describe the data collection procedure and the skills and instructions in our dataset.

3everydayrobots.com
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