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Abstract: We introduce Language-Informed Latent Actions (LILA), a framework
for learning natural language interfaces in the context of human-robot collabora-
tion. LILA falls under the shared autonomy paradigm: in addition to providing
discrete language inputs, humans are given a low-dimensional controller – e.g.,
a 2 degree-of-freedom (DoF) joystick that can move left/right and up/down – for
operating the robot. LILA learns to use language tomodulatethis controller, pro-
viding users with a language-informed control space: given an instruction like
“place the cereal bowl on the tray,” LILA may learn a 2-DoF space where one
dimension controls the distance from the robot's end-effector to the bowl, and the
other dimension controls the robot's end-effector pose relative to the grasp point
on the bowl. We evaluate LILA with real-world user studies, where users can pro-
vide a language instruction while operating a 7-DoF Franka Emika Panda Arm to
complete a series of complex manipulation tasks. We show that LILA models are
not only more sample ef�cient and performant than imitation learning and end-
effector control baselines, but that they are also qualitatively preferred by users.1
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1 Introduction

Nearly a million American adults live with physical disabilities, requiring assistance for everyday
tasks like taking a bite of food, or pouring a glass of milk [1] – assistance that robots could provide.
Paradigms for ef�cient human-robot collaboration that strike a balance between robot autonomy
and human control such asshared autonomy[2, 3, 4, 5] present a promising path towards building
such assistive systems. Unlike full autonomy approaches that enforce a sharp separation between
user intent and robot execution, falling prey to problems of sample ef�ciency and robustness, shared
autonomy couples a human's input with automated robot assistance. Consider a kitchen or dining
environment where ahigh-dimensional(high-DoF) robot such as a wheelchair-mounted manipulator
aids a human who may be physically unable to perform tasks requiring �ne-grained manipulation.
While the human can manually teleoperate the arm by fully controlling individual “modes”, or sepa-
rate degrees-of-freedom of the robot's end-effector, past work has shown this to be unintuitive, slow,
and frustrating [3, 6]. Shared autonomy approaches such aslearned latent actions[5, 7, 8] however,
build intuitive low-dimensional controllers for high-DoF robots via dimensionality reduction.

Speci�cally, learned latent actions models learnstate-conditionedauto-encoders directly from
datasets of (state, action) pairs; the encoder takes the current state and action, and compresses it
to a latent actionz with the same dimensionality as the human control interface (e.g., 2-DoF). This
is fed to a decoder to try to reconstruct the original high-dimensional action. While these approaches
are reliable and sample ef�cient, they are limited by their reliance on just the current state: given
tasks like “grab the milk” and “shift the milk to the side” that overlap in state space, these controllers
fail as the models lack suf�cient information to disambiguate behavior.

1Additional visualizations and supplemental experiments can be found at the following webpage:https:
//sites.google.com/view/lila-corl21 . Code can be found here:https://github.com/siddk/lila .
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Figure 1: [Left ] Our breakfast buffet environment with several diverse manipulation tasks. By
providing both natural language input and low-dimensional joystick control [Middle], usersdis-
ambiguatebetween different tasks while retaining the ability to maneuver through the environ-
ment. This is enabled by our [Right] language-informed latent actions (LILA) models that use
auto-encoders to learn language & state-conditioned low-DoF latent spaces for meaningful control.

To address this concern, we consider incorporating natural language within this framework to add an
additional conditioning variable for structuring the control space. Prior works integrate language in
robotics settings for similar purposes within the full autonomy paradigm [9, 10, 11, 12, 13]. Unfor-
tunately, these approaches suffer from poor sample ef�ciency, failure recovery, and generalization;
many issues that shared autonomy methods including learned latent actions seek to address. By
joining language and latent actions, a user can express an utteranceu = “grab the cereal bowl”and
obtain a control space that is both state and language conditioned (Fig. 1 [Right]).

We introduce Language-Informed Latent Actions (LILA), a framework for incorporating language
into learned latent actions. Key to LILA is the principle that languagemodulatesa user's low-level
controller based on their provided utterance; as intuition, given the utterance“grab the cereal bowl”
as in Fig. 1, our assistive robot might learn a semantically meaningful, low-dimensional (2-DoF)
control space where one dimension (one joystick axis) may control the distance from the robot's
end-effector to the cereal bowl, whereas the other might control the angle of the end-effector relative
to the bowl such that the robot's gripper can obtain a solid grasp of the object. Other utterances can
modulate the controller in similar ways – “pour the milk into the cup” might result in a learned
control space where one joystick dimension controls the jug's pouring angle, while the other may
control its height. Language not only serves as a natural means for a human to communicate their
intent to the robot, but also helpsdisambiguateacross a wide variety of objectives as well, by
inducing language and state-conditioned control spaces.

A core part of our method is its ability to handle diverse, realistic language. To this end, we collect a
small, crowdsourced dataset of natural language descriptions to describe each of our training demon-
strations; we use this real, natural language as the only input while training our models. To allow for
out-of-the-box generalization to novel user utterances such as those that describe similar behaviors
but with different words or phrases, we tap into the power of pretrained models [14, 15]. We per-
form acomprehensive user studyacross 10 users who use natural language and our learned LILA
controllers to complete a variety of diverse manipulation tasks in a simpli�ed assistive “breakfast
buffet” setting. Our results show that LILA models are not only more reliable, performant, and sam-
ple ef�cient than fully autonomous imitation learning and fully human-driven end-effector control
baselines, but are qualitatively preferred by users as well.

2 Related Work

We build LILA within a shared autonomy framework [2, 16], applied to assistive teleoperation
[17, 18]. We additionally build off of work at the intersection of language and robotics [19, 20, 21].
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