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Abstract—Foundation models that incorporate language, vi-
sion, and more recently actions have revolutionized the ability to
harness internet scale data to reason about useful tasks. However,
one of the key challenges of training embodied foundation models
is the lack of data grounded in the physical world. In this
paper, we propose AutoRT, a system that leverages existing
foundation models to scale up the deployment of operational
robots in completely unseen scenarios with minimal human
supervision. AutoRT leverages vision-language models (VLMs)
and large language models (LLMs) for scene understanding,
novel instruction proposal, and guided data collection. Tapping
into the knowledge of foundation models enables AutoRT to
effectively reason about autonomy tradeoffs and safety while
significantly scaling up data collection for robot learning. We
demonstrate AutoRT proposing instructions to over 20 robots
across multiple buildings and collecting 77k real robot episodes
via both teleoperation and autonomous robot policies. We exper-
imentally show that such “in-the-wild” data collected by AutoRT
is significantly more diverse, and that AutoRT’s use of LLMs
allows for instruction following data collection robots that can
align to human preferences.

I. INTRODUCTION

One of the central goals of autonomous robotics research
is to enable independent, broadly capable robotic agents:
systems that can be tasked with some high-level goals (“keep
the kitchen clean”) and achieve them. Doing so requires a
grounded and generalist agent that can robustly adapt to novel
scenarios Robot learning is a promising avenue for doing so,
but faces a bottleneck of needing large amounts of robotic
experience in the real world.

In this paper, we study how we can design agents to gather
robotic experience for themselves at scale. Central to our work
is leveraging knowledge contained in foundation models to
drive real-world robots. We view this from the perspective of
controlling a fleet of robots, spread across multiple locations,
where there are many more robots than human supervisors,
necessitating mixing expert demonstrations with suboptimal
autonomous policies in a safe and appropriate way. Our system
for large-scale orchestration of robotic agents, which we call
AutoRT, tackles this problem.

At the core of AutoRT is an large foundation model that acts
as a robot orchestrator, proposing tasks to one or more robots
in an environment based on the environment and the user’s
prompt This process allows 1 human to supervise 3-5 robots
at once. It can also take into account constraints specified via

“constitutional prompting”, where rules about robot behaviour
can be defined by the user.

With a fleet of real-world mobile manipulators, we evaluate
AutoRT over 7 months, running in 4 different office buildings
with over 20 simultaneous robots, which resulted in the
collection of 77,000 real-world robotic trials.

II. PROBLEM STATEMENT

Our goal is to build a system that enables large-scale, “in-
the-wild” data collection. We assume access to a large fleet of
N mobile robots in populated buildings where both robots and
people are free to move around the space. We do not make any
assumptions about the layout of the buildings, or the objects
available for manipulation. We assume a limited bandwidth
of human supervision, meaning there are more robots than
human supervisors – that is, we cannot expect that a human
will always be in charge of teleoperating a single robot.
The system can execute one of k different collect policies
π ∈ {π1, . . . ,πk}= Π, potentially with human assistance, and
the goal of the system is to propose natural language tasks
for these policies while accounting for supervision bandwidth,
guardrails, and safety criteria.

III. AUTORT: EXPLORING AND EXECUTING IN THE WILD

The robot platform used in AutoRT is a mobile manipulator
with a camera, robot arm, and mobile base. Further details on
the robot platform and the implementation are in Section D.

A. Exploration: Navigating to the Target

The first stage of AutoRT is to explore the space and find
interesting scenes for manipulation. To map the environment,
we use the natural language map approach proposed by [8],
which is built using a VLM to encode object detections into
visual-language embeddings φi, with corresponding position
(xi,yi,zi) determined by the robot’s depth sensor and SLAM.
Thus, given a textual target q like “sponge”, we can direct
the robot towards a sponge by querying for a φi that is close
to the text embedding for q. To determine navigation goals
we sample this map for regions of interest via sampling states
proportional to their latent distance to an average embedding
of previously seen objects (see Appendix E for more details).



Fig. 1: System diagram for AutoRT. Each robot explores the
environment, sampling a random navigation target close to objects.
The scene and objects in it are described by a VLM to give text
to an LLM, which generates manipulation tasks for the robot. Valid
tasks are run by the robot, the episodes are scored, and the process
repeats. No part of this requires advance knowledge of the layout of
the environment or objects it contains, making it easy to run on a
�eet of 20+ robots that are each in novel settings. Green sections are
contributions of this work.

B. Robot Constitution

Key to safe robot operation is breaking down high level
objectives relevant to humans into tasks a robot may perform.
We specify this to robots using what we call a Robot Consti-
tution, a list of rules an LLM is instructed to follow, inspired
by methods like Constitutional AI [3]. These rules are divided
into three categories:

� Foundationalrules inspired by Asimov's three laws [2]
that govern robotics in general and govern interactions
with humans. We modify the exact text of these laws as
described in Section G.

� Safetyrules describing what tasks are considered unsafe
or undesired based on current capabilities in deployment.
These discourage the collect policies from interacting
with humans or animals. They also discourage handling
sharp and fragile objects or electrical equipment.

� Embodimentrules describing limitations of the robot's
embodiment, such as it only having one arm and its
maximum payload.

A fourth category, theguidancerules, provides an input for
an optional high-level human command, such as “collect
of�ce tasks”. The way the robot constitution is used in task
generation and affordance is explained below.

C. Task Generation

Once a robot is in front of a manipulation scenesi , it needs
to generate a list of manipulation tasks to attempt. This is done
via two steps:

� Scene description: Given an image from the robot cam-
era, a VLM outputs text describing the scene the robot
observes, and 5 objects that exist in that scene.

� Task proposal: Given the objects and scene, AutoRT is
prompted to generate a list of manipulation tasks. The
prompt includes a system prompt, the robot constitution,
and the scene and object descriptions from the prior step.
The LLM is not �ne-tuned to our speci�c use case.

An important detail of AutoRT is that we use multiple
collect policies f p1;p2; : : : ;pkg.When the collect policy is
sampled, task generation must be modi�ed to match the
capabilities of that policy. Thus, for each policyp j , we append
a p j -speci�c suf�x to the end of the task generation prompt.
See Section G for full text of the prompts.

D. Affordance

Inspired by prior self-critique approaches [32, 38, 3], after
task proposal the LLM is asked to classify tasks among the
k collect policies, or reject them entirely. The �nal task is
selected by randomly sampling from the acceptable tasks. For
instance, as shown in Fig. 1, tasks are classi�ed asp teleop, p rt2,
or p reject, and we choose ap teleop task.

E. Data Collection

Any number of collect policies could be used, but our
instance of AutoRT uses three: teleoperation, a scripted pick
policy, and RT-2 [6]. The scripted pick policy pseudocode
is provided in Section K. Eachp i has a different sampling
probability pi , adjusted based on the number of robots super-
vised per person and how much human supervisionp i requires.
The episode's diversity is scored at the end of manipulation
(see Section IV-A for how). We found teleoperated data to
be both most valuable and most costly. See Section L for
breakdown of throughput and example actions.

F. Guardrails

AutoRT deploys foundation models in “in the wild” settings
but prompted foundation models have no guarantees on safety.
We complement the robot constitution with traditional robot
environment controls as detailed in Section F.

IV. EXPERIMENTAL EVALUATION

We study the deployment of AutoRT over 7 months, �nding
it was easier to scale, collected more diverse data, and could
be semantically steered via prompting.

AutoRT Scaling AutoRT ran in of�ces, kitchens, and
cafeterias. The same code was used in every environment
with the only per-environment change being the difference in
driving bounds. This let us expand to new environments in
< 1 day of set up. Some of these environments are shown
in Fig. 2. Each human supervised between 3 to 5 robots at
once, increasing up to 8 robots if they were constrained to be
stationary.

Data statistics: In total, 53 robots were used to collect
77,000 new episodes, with a peak load of over 20 simultaneous
robots. Over 6,650 unique instructions appear in the dataset.
More details can be found in Fig. 3, Fig. 4 and Table II.
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