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ABSTRACT

Generalization remains one of the most important desiderata for robust robot learning
systems. While recently proposed approaches show promise in generalization to novel
objects, semantic concepts, or visual distribution shifts, generalization to new tasks
remains challenging. For example, a language-conditioned policy trained on pick-and-
place tasks will not be able to generalize to a folding task, even if the arm trajectory of
folding is similar to pick-and-place. Our key insight is that this kind of generalization
becomes feasible if we represent the task through rough trajectory sketches. We propose
a policy conditioning method using such rough trajectory sketches, which we call RT-
Trajectory, that is practical, easy to specify, and allows the policy to effectively perform
new tasks that would otherwise be challenging to perform. We find that trajectory
sketches strike a balance between being detailed enough to express low-level motion-
centric guidance while being coarse enough to allow the learned policy to interpret the
trajectory sketch in the context of situational visual observations. In addition, we show
how trajectory sketches can provide a useful interface to communicate with robotic
policies – they can be specified through simple human inputs like drawings or videos, or
through automated methods such as modern image-generating or waypoint-generating
methods. We evaluate RT-Trajectory at scale on a variety of real-world robotic tasks, and
find that RT-Trajectory is able to perform a wider range of tasks compared to language-
conditioned and goal-conditioned policies, when provided the same training data. Eval-
uation videos can be found at https://rt-trajectory.github.io/.

1 INTRODUCTION

The pursuit of generalist robot policies has been a perennial challenge in robotics. The goal is to devise
policies that not only perform well on known tasks but can also generalize to novel objects, scenes, and
motions that are not represented in the training dataset. The generalization aspects of the policies are
particularly important because of how impractical and prohibitive it is to compile a robotic dataset covering
every conceivable object, scene, and motion. In this work we focus on the aspects of policy learning
that, as we later show in the experiments, can have a large impact of their generalization capabilities: task
specification and policy conditioning.

Traditional approaches to task specification include one-hot task conditioning (Kalashnikov et al., 2021),
which has limited generalization abilities since one-hot vector does not capture the similarities between
different tasks. Recently, language conditioning significantly improves generalization to new language
commands (Brohan et al., 2023b), but it suffers from the lack of specificity, which makes it difficult to
generalize to a new motion that can be hard to describe. Goal image or video conditioning (Lynch et al.,
2019; Chane-Sane et al., 2023), two other alternatives, offer the promise of more robust generalization and
can capture nuances hard to express verbally but easy to show visually. However, it has been shown to be
hard to learn from (Jang et al., 2022) and requires more effort to provide at test time, making it less practical.
Most importantly, policy conditioning not only impacts the practicality of task specification, but can have a
large impact on generalization at inference time. If the representation of the task is similar to the one of the
training tasks, the underlying model is more likely able to interpolate between these data points. This is often
reflected with the type of generalization exhibited in different conditioning mechanisms – for example, if the
policy is conditioned on natural language commands, it is likely to generalize to a new phrasing of the text
command, whereas that same policy when trained on pick-and-place tasks will struggle with generalizing to
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