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Abstract: We introduce Behavior from Language and Demonstration (BLADE), a
framework for long-horizon robotic manipulation by integrating imitation learning
and model-based planning. BLADE leverages language-annotated demonstrations,
extracts abstract action knowledge from large language models (LLMs), and con-
structs a library of structured, high-level action representations. These represen-
tations include preconditions and effects grounded in visual perception for each
high-level action, along with corresponding controllers implemented as neural
network-based policies. BLADE can recover such structured representations auto-
matically, without manually labeled states or symbolic definitions. BLADE shows
significant capabilities in generalizing to novel situations, including novel initial
states, external state perturbations, and novel goals. We validate the effectiveness
of our approach both in simulation and on a real robot with a diverse set of objects
with articulated parts, partial observability, and geometric constraints.
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1 Introduction

Developing autonomous robots capable of completing long-horizon manipulation tasks is a significant
milestone. We want to build robots that can directly perceive the world, operate over extended periods,
generalize to various states and goals, and are robust to perturbations. A promising direction is to
combine learned policies with model-based planners, allowing them to operate on different time
scales. In particular, imitation learning-based methods have proven highly successful in learning
policies for various “behaviors,” which usually operate over a short time span [e.g., 1]. To solve more
complex and longer-horizon tasks, we can compose these behaviors by planning in abstract action
spaces [2—4], in latent spaces [5], or via large pre-trained models such as large language models [6].

However, one of the key challenges of all high-level planning approaches is the automatic acquisition
of an abstraction for the learned “behaviors” to support long-horizon planning. The goal of this
behavior abstraction learning is to build representations that describe the preconditions and effects of
behaviors, to enable chaining and search. These representations should depend on the environment, the
set of possible goals, and the specifications of individual behaviors. Furthermore, these representations
should be grounded on high-dimensional perception inputs and low-level robot control commands.

Our insight into tackling this challenge is to leverage knowledge from two sources: the low-level,
mechanical understanding of robot-object contact, and the high-level, abstract understanding of
object-object interactions described in language that can be extracted from language models as the
knowledge source. Our framework, behavior from language and demonstration (BLADE), takes as
input a small number of language-annotated demonstrations (Fig. 1a). It segments each trajectory
based on which object is in contact with the robot. Then, it uses a large language model (LLM),
conditioned on the contact sequences and the language annotations, to propose abstract behavior
descriptions with preconditions and effects that best explain the demonstration trajectories. During
training, we extract the state abstraction terms from the preconditions and effects (e.g., furned-on,

* denotes equal contribution. T denotes equal advising. Project page and videos: https://blade-bot.github.io/.

8th Conference on Robot Learning (CoRL 2024), Munich, Germany.


https://blade-bot.github.io/

Figure 1: BLADE, a robot manipulation framework combining imitation learning and model-based planning. (a)
BLADE takes language-annotated demonstrations as training data. (b) It generalizes to unseen initial conditions,
state perturbations, and geometric constraints. (c) In the depicted sceranDps, recovers from perturbations

such as moving the kettle out of the sink, and resolves geometric constraints including a blocked stove.

aligned-with), and learn their groundings on perception inputs. We also learn the control policies
associated with each behavior (etgrn on the faucet

Our model offers several advantages. First, unlike prior work that relies on manually de ned state
abstractions or additional state labels, our method automatically generates state abstraction labels
based on the language-annotated demonstrations and LLM-proposed behavior descgiphiDES.
recovers the visual grounding of these abstractions without any additional label. Secand,
generalizes to novel states and goals by composing learned behaviors using a planner. Shown in
Fig. 1b, it can handle various novel initial conditions and external perturbations that lead to unseen
states. Third, our method can handle novel geometric constraints (Fig. 1¢) and partial observability
from articulated bodies like drawers.

2 Related Work

Composing skills for long-horizon manipulation. A large body of model-based planning methods
use manually-de ned transition model [/-12] or models learned from data3-18] to generate
long-horizon plans. However, learning dynamics models with accurate long-term predictions and
strong generalization remains challenging. A related direction is to introduce hierarchical structures
into the policy models]9-25], where different methods can segment continuous demonstrations
into short-horizon skillsZ3, 26, 27]. Facing the challenges in modeling action dependencies, these
methods are limited to following sequentially speci ed subgoals. Some work addresses this issue
by learning the dependencies between actions from data, but they require large-scale supervised
datasets48-31]. Our approach is related to methods that learn symbolic action representé&tiens [

36]; the difference is that BLADE uses a LLM to generates causal models of the environment and
learns their groundings on sensory inputs.

Using LLMs for planning. Many researchers have explored using LLMs for planning. Methods
for direct generation of action sequenc@s, [38] can struggle to produce accurate plags, 0.
Researchers have also leveraged LLMs as translators from natural language instructions to symbolic
goals f41-44), as generalized solverd§], as memory modulegip], and as world modelsy[7, 48]. To
improve the planning accuracy, prior work has explored techniques including using prog&sg [
learning affordance function$§,[51], replanning §2], netuning [53-55], embedding reasoning in

a behavior treeq6], and VLM-based decision-makingsT, 58]. BLADE shares a similar spirit as
methods using LLMs to generate planning-compatible action representdii®+sl]. However, they
make assumptions on the availability of state abstractions, whd®E grounds LLM-generated
action de nitions without additional labels. Also complementary to methods that leverage these
representations for skill learning?, 63], our approach uses them for composing skills in novel ways.
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