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Abstract

Autonomous agents situated in real-world environments must be able to master
large repertoires of skills. While a single short skill can be learned quickly, it
would be impractical to learn every task independently. Instead, the agent should
share knowledge across behaviors such that each task can be learned efficiently,
and such that the resulting model can generalize to new tasks, especially ones
that are compositions or subsets of tasks seen previously. A policy conditioned
on a goal or demonstration has the potential to share knowledge between tasks if
it sees enough diversity of inputs. However, these methods may not generalize
to a more complex task at test time. We introduce compositional plan vectors
(CPVs) to enable a policy to perform compositions of tasks without additional
supervision. CPVs represent trajectories as the sum of the subtasks within them.
We show that CPVs can be learned within a one-shot imitation learning framework
without any additional supervision or information about task hierarchy, and enable
a demonstration-conditioned policy to generalize to tasks that sequence twice as
many skills as the tasks seen during training. Analogously to embeddings such
as word2vec in NLP, CPVs can also support simple arithmetic operations – for
example, we can add the CPVs for two different tasks to command an agent to
compose both tasks, without any additional training.

1 Introduction

A major challenge in current machine learning is to not only interpolate within the distribution of
inputs seen during training, but also to generalize to a wider distribution. While we cannot expect
arbitrary generalization, models should be able to compose concepts seen during training into new
combinations. With deep learning, agents learn high level representations of the data they perceive. If
the data is drawn from a compositional environment, then agents that model the data accurately and
efficiently would represent that compositionality without needing specific priors or regularization.
In fact, prior work has shown that compositional representations can emerge automatically from
simple objectives, most notably a highly structured distribution such as language. These techniques
do not explicitly train for compositionality, but employ simple structural constraints that lead to
compositional representations. For example, Mikolov et al. found that a language model trained to
predict nearby words represented words in a vector space that supported arithmetic analogies: “king”
-“man" + “woman" = “queen" [29]. In this work, we aim to learn a compositional feature space to
represent robotic skills, such that the addition of multiple skills results in a plan to accomplish all of
these skills.

Many tasks can be expressed as compositions of skills, where the same set of skills is shared across
many tasks. For example, assembling a chair may require the subtask of picking up a hammer,
which is also found in the table assembly task. We posit that a task representation that leverages this
compositional structure can generalize more easily to more complex tasks. We propose learning an
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Figure 1: Compositional plan vectors embed tasks into a space where adding two vectors represents
the composition of the tasks, and subtracting a sub-task leaves an embedding of the remaining
sub-tasks needed for the task.

embedding space such that tasks could be composed simply by adding their respective embeddings.
This idea is illustrated in Figure 2.

In order to learn these representations without additional supervision, we cannot depend on known
segmentation of the trajectories into subtasks, or labels about which subtasks are shared between
different tasks. Instead, we incorporate compositionality directly into the architecture of the policy.
Rather than conditioning the policy on the static embedding of the reference demonstration, we
condition the policy on the difference between the embedding of the whole reference trajectory and
the partially completed trajectory that the policy is outputting an action for.

The main contributions of our work are the compositional plan vector (CPV) representation and
a policy architecture that enables learning of CPVs without any sub-task level supervision. CPVs
enable policies to generalize to significantly longer tasks, and they can be added together to represent
a composition of tasks. We evaluate CPVs in the one-shot imitation learning paradigm [11, 12, 19]
on a discrete-action environment inspired by Minecraft, where tools must be picked up to remove or
build objects, as well as on a 3D simulated pick-and-place environment.

2 Related Work

For many types of high dimensional inputs, Euclidean distances are often meaningless in the raw
input space. Words represented as one-hot vectors are equally distant from all other words, and
images of the same scene may have entirely different pixel values if the viewpoint is shifted slightly.
This has motivated learning representations of language and images that respect desirable properties.
Chopra et al. [3] showed that a simple contrastive loss can be used to learn face embeddings. A
similar method was also used on image patches to learn general image features [35]. Word2vec
found that word representations trained to be predictive of their neighbor words support some level
of addition and subtraction [29, 24, 21]. More recently, Nagarajan used a contrastive approach in
learning decomposable embeddings of images by representing objects as vectors and attributes as
transformations of those vectors [30]. These methods motivate our goal of learning an embedding
space over tasks that supports transformations such as addition and subtraction. Notably, these
methods don’t rely on explicit regularization for arithmetic operations, but rather use a simple
objective combined with the right model structure to allow a compositional representation to emerge.
Our method also uses a simple end-to-end policy learning objective, combined with a structural
constraint that leads to compositionality.

Hierarchical RL algorithms learn representations of sub-tasks explicitly, by using primitives or
goal-conditioning [4, 32, 26, 13, 27, 7, 2, 39], or by combining multiple Q-functions [15, 36]. Our
approach does not learn explicit primitives or skills, but instead aims to summarize the task via a
compositional task embedding. A number of prior works have also sought to learn policies that are
conditioned on a goal or task [22, 8, 23, 38, 5, 14, 18, 28, 6, 33], but without explicitly considering
compositionality. Recent imitation learning methods have learned to predict latent intentions of
demonstrations [16, 25]. In the one-shot imitation learning paradigm, the policy is conditioned on
reference demonstrations at both test and train time. This problem has been explored with meta-
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Figure 2: By adding the CPVs for two different tasks, we obtain the CPV for the composition of the
tasks. To determine what steps are left in the task, the policy subtracts the embedding of its current
trajectory from the reference CPV.

learning [12] and metric learning [19] for short reaching and pushing tasks. Duan et al. used attention
over the reference trajectory to perform block stacking tasks [11]. Our work differs in that we aim to
generalize to new compositions of tasks that are out of the distribution of tasks seen during training.
Hausman et al. obtain generalization to new compositions of skills by training a generative model over
skills [17]. However, unlike our method, these approach does not easily allow for sequencing skills
into longer horizon tasks or composing tasks via arithmetic operations on the latent representation.

Prior methods have learned composable task representations by using ground truth knowledge about
the task hierarchy. Neural task programming and the neural subtask graph solver generalize to new
tasks by decomposing a demonstration into a hierarchical program for the task, but require ground-
truth hierarchical decomposition during training [40, 37]. Using supervision about the relations
between tasks, prior approaches have uses analogy-based objectives to learn task representations that
decompose across objects and actions [31] or have set up a modular architectures over subtasks [1]
or environments [9]. Unlike our approach, these methods require labels about relationships. We
implicitly learn to decompose tasks without supervising the task hierarchy.

3 Compositional Plan Vectors

In this paper, we introduce compositional plan vectors (CPVs). The goal of CPVs is to obtain policies
that generalize to new compositions of skills without requiring skills to be labeled and without
knowing the list of skills that may be required. Consider a task named “red-out-yellow-in” which
involves taking a red cube out of a box and placing a yellow cube into the box. A plan vector encodes
the task as the sum of its parts: a plan vector for taking the red cube out of the box plus the vector for
putting the yellow cube into the box should equal the plan vector for the full task. Equivalently, the
plan vector for the full task minus the vector for taking the red cube out of the box should equal the
vector that encodes “put yellow cube in box.”

If the list of all possible skills was known ahead of time, separate policies could be learned for each
skill, and then the policies could be used in sequence. However, this knowledge is often unavailable
in general and limits compositionality to a fixed set of skills. Instead, our goal is to formulate an
architecture and regularization that are compositional by design and do not need additional supervision.
With our method, CPVs acquire compositional structure because of the structural constraint they place
on the policy. To derive the simplest possible structural constraint, we observe that the minimum
information that the policy needs about the task in order to complete it is knowledge of the steps
that have not yet been done. That is, in the cube example above, after taking out the red cube, only
the “yellow-in” portion of the task is needed by the policy. One property of this representation is
that task ordering cannot be represented by the CPV because addition is commutative. If ordering is
necessary to choose the right action, the policy will have to learn to decode which component of the
compositional plan vector must be done first.
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