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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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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.

As an example, let ~v be a plan vector for the “red-out-yellow-in" task. To execute the task, a policy
π(o0, ~v) outputs an action for the first observation o0. After some number t of timesteps, the policy
has successfully removed the red cube from the box. This partial trajectory O0:t can be embedded
into a plan vector ~u, which should encode the “red-out" task. We would like (~v − ~u) to encode the
remaining portion of the task, in this case placing the yellow block into the box. In other words,
π(ot, ~v − ~u) should take the action that leads to accomplishing the plan described by ~v given that ~u
has already been accomplished. In order for both ~v and ~v − ~u to encode the yellow-in task, ~u must
not encode as strongly as ~v. If ~v is equal to the sum of the vectors for “red-out” and “yellow-in,” then
~v may not encode the ordering of the tasks. However, the policy π(o0, ~v) should have learned that
the box must be empty in order to perform the yellow-in task, and that therefore it should perform the
red-out task first.

We posit that this structure can be learned without supervision at the subtask-level. Instead, we
impose a simple architectural and arithmetic constraints on the policy: the policy must choose its
action based on the arithmetic difference between the plan vector embedding of the whole task and
the plan vector embedding of the trajectory completed so far. Additionally, the plan vectors of two
halves of the same trajectory should add up to the plan vector of the whole trajectory, which we
can write down as a regularization objective for the embedding function. By training the policy and
the embedding function together to optimize their objectives, we obtain an embedding of tasks that
supports compositionality and generalizes to more complex tasks. In principle, CPVs can be used
with any end-to-end policy learning objective, including behavioral cloning, reinforcement learning,
or inverse reinforcement learning. In this work, we will validate CPVs in a one-shot imitation learning
setting.

One-shot imitation learning setup. In one-shot imitation learning, the agent must perform a task
conditioned on one reference example of the task. For example, given a demonstration of how to
fold a paper crane, the agent would need to fold a paper crane. During training, the agent is provided
with pairs of demonstrations, and learns a policy by predicting the actions in one trajectory by using
the second as a reference. In the origami example, the agent may have trained on demonstrations of
folding paper into a variety of different creatures.

We consider the one-shot imitation learning scenario where an agent is given a reference trajectory
in the form of a list of T observations O

ref
0:T = (oref

0
, ...,oref

T ). The agent starts with o0 ∼ p(o0),
where o0 may be different from o

ref
0

. At each timestep t, the agent performs an action drawn from
π(at|O0:t,O

ref
0:T ).

Plan vectors. We define a function gφ(Ok:l), parameterized by φ, which takes in a trajectory and

outputs a plan vector. The plan vector of a reference trajectory gφ(O
ref
0:T ) should encode an abstract

representation of the milestones required to accomplish the goal. Similarly, the plan vector of a
partially accomplished trajectory gφ(O0:t) should encode the steps already taken. We can therefore
consider the subtraction of these vectors to encode the steps necessary to complete the task defined
by the reference trajectory. Thus, the policy can be structured as

πθ(at|ot, gφ(O
ref
0:T )− gφ(O0:t)), (1)

a function parameterized by θ that takes in the trajectory and is learned end-to-end.

In this work we use a fully observable state space and only consider tasks that cause a change in the
state. For example, we do not consider tasks such as lifting a block and placing it exactly where it
was, because this does not result in a useful change to the state. Thus, instead of embedding a whole
trajectory O0:t, we limit g to only look at the first and last state of the trajectory we wish to embed.
Then, π becomes

πθ(at|ot, g(o
ref
0
,oref

T )− g(oo,ot)). (2)

Training. With π defined as above, we learn the parameters of the policy with imitation learning.
Dataset D containing N demonstrations paired with reference trajectories is collected. Each trajectory
may be a different arbitrary length, and the tasks performed by each pair of trajectories are unlabeled.
The demonstrations include actions, but the reference trajectories do not. In our settings, the reference
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Table 1: Evaluation of generalization and compositionality in the craftin environment. Policies were
trained on tasks using between 1 and 4 skills. We evaluate the policies conditioned on reference trajectories
that use 4, 8, and 16 skills. We also evaluate the policies on the composition of skills: “2, 2” means that the
embeddings of two demonstrations that each use 2 skills were added together, and the policy was conditioned
on this sum. For the naïve model, we instead average the observations of the references, which performed
somewhat better. All models are variants on the architecture in Figure 5. The max horizon is three times the
average number of steps used by the expert for that length of task: 160, 280, and 550, respectively. Numbers are
all success percentages.

MODEL 4 SKILLS 8 SKILLS 16 SKILLS 1+1 2,2 4,4

NAIVE 29± 2 9± 2 7± 2 29± 10 24± 5 5± 2
TECNET 49± 11 17± 7 7± 6 59± 11 43± 11 29± 23
TE 53± 4 28± 2 25± 20 32± 1 44± 25 18± 12
TE-PAIR 64± 1 31± 1 18± 2 55± 3 53± 8 21± 2
TE-HOM 50± 4 27± 2 21± 1 51± 1 52± 1 20± 1
TE-FULL 61± 8 28± 8 13± 2 60± 1 47± 7 23± 7
CPV-NAIVE 51± 8 19± 5 9± 2 31± 16 30± 15 5± 2
CPV-PAIR 68± 11 44± 14 31± 13 2± 3 1± 2 0± 0
CPV-HOM 63± 3 35± 5 27± 8 71± 8 60± 11 26± 14
CPV-FULL 73± 2 40± 3 28± 6 76± 3 64± 6 30± 10

CPV-Hom uses only LHom, and CPV-Full uses both. To ablate the effect of the architecture vs the
regularizations, we run the same set of comparisons for a model denoted TE (task embeddings) which
has the same architecture as TECNets without normalizing embeddings. These experiments find
whether the regularization losses produce compositionality on their own, or whether they work in
conjunction with the CPV architecture.

Table 2: 3D Pick and Place Results. Each model was trained on tasks with 1 to 2 skills. We evaluate the
models on tasks with 1 and 2 skills, as well as the compositions of two 1 skill tasks. For each model we list the
success rate of the best epoch of training. All numbers are averaged over 100 tasks. All models are variants of
the object-centric architecture, shown in the supplement. We find that the CPV architecture plus regularizations
enable composing two reference trajectories better than other methods.

MODEL 1 SKILL 2 SKILLS 1,1

NAIVE 65± 7 34± 8 6± 2
TECNET 82± 6 50± 2 33± 4
TE-PLAIN 91± 2 55± 5 22± 2
TE-PAIR 81± 11 51± 8 15± 3
TE-HOM 92± 1 59± 1 24± 12
TE-FULL 88± 2 55± 8 9± 6
CPV-PLAIN 87± 2 55± 2 52± 2
CPV-PAIR 82± 4 42± 3 7± 1
CPV-HOM 88± 1 54± 5 55± 4
CPV-FULL 87± 4 54± 4 56± 6

Results. We evaluate the methods on both domains. To be considered successful in the crafting
environment, the agent must perform the same sub-skills with the same types of objects as those seen
in the reference trajectory. The results on the crafting environment are shown in Table 1, where we
report the mean and standard deviation across 3 independent training seeds. We see that both the
naïve model and the TECNet model struggle to represent these complex tasks, even the 4 skill tasks
that are in the training distribution. We also find that both the CPV architecture and the regularization
losses are necessary for both generalizing the longer tasks and composing multiple tasks. The pair
loss seems to help mostly with generalization, while the homomorphism losses helps more with
compositionality. CPVs are able to generalize to 8 and 16 skills, despite being trained on only 4
skill combinations, and achieve 76% success at composing two tasks just by adding their embedding
vectors. Recall that CPVs are not explicitly trained to compose multiple reference trajectories in this
way – the compositionality is an extrapolation from the training. The TE ablation, which does not use
the subtraction of embeddings as input to the policy, shows worse compositionality than our method
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even with the homomorphism loss. This supports our hypothesis that structural constraints over the
embedding representation contribute significantly to the learning.

These trends continue in the pick and place environment in Table 2, were we report the mean and
standard deviation across 3 independent training seeds. In this environment, a trajectory is successful
if the objects that were moved in the reference trajectory are in the correct positions: placed in each
corner, placed inside the box, or stacked on top of a specific cube. As expected, TECNet performs
well on 1 skill tasks which only require moving a single object. TECNet and the naïve model fail to
compose tasks, but the CPV model performs as well at composing two 1-skill tasks as it does when
imitating 2-skill tasks directly. As before, the TE ablation fails to compose as well as CPV, indicating
that the architecture and losses together are needed to learn composable embeddings.

6 Discussion

Many tasks can be understood as a composition of multiple subtasks. To take advantage of this latent
structure without subtask labels, we introduce the compositional plan vector (CPV) architecture
along with a homomorphism-preserving loss function, and show that this learns a compositional
representation of tasks. Our method learns a task representation and multi-task policy jointly. Our
main idea is to condition the policy on the arithmetic difference between the embedding of the goal
task and the embedding of the trajectory seen so far. This constraint ensures that the representation
space is structured such that subtracting the embedding of a partial trajectory from the embedding
of the full trajectory encodes the portion of the task that remains to be completed. Put another way,
CPVs encode tasks as a set of subtasks that the agent has left to perform to complete the full task.
CPVs enable policies to generalize to tasks twice as long as those seen during training, and two plan
vectors can be added together to form a new plan for performing both tasks.

We evaluated CPVs in a one-shot imitation learning setting. Extending our approach to a reinforce-
ment learning setting is a natural next step, as well as further improvements to the architecture to
improve efficiency. A particularly promising future direction would be to enable CPVs to learn from
unstructured, self-supervised data, reducing the dependence on hand-specified objectives and reward
functions.
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A Network Architectures

A.1 Crafting environment

(a) (b)

Figure 6: The crafting environment. (a) Shows a
state observation as rendered for the agent. The
white square in the bottom left indicates that an
object is held by the agent. (b) Shows the same
state, but rendered in a human-readable format.
The axe shown in the last row indicates that the
agent is currently holding an axe.

The observation is an RGB image of 33x30 pixels.
The architecture for g concatenates the first and last
image of the reference trajectory along the channel
dimension, to obtain an input size of 33x30x6. This
is followed by 4 convolutions with 16, 32,64, and 64
channels, respectively, with ReLU activations. The
3x3x64 output is flattened and a fully connected layer
reduces this to the desired embedding dimension. The
same architecture is used for the TECNet encoder. For
the policy, the observation is passed through a convo-
lutional network with the same architecture as above
and the output is concatenated with the subtraction of
embeddings as defined in the paper’s method. This
concatenation is passed through a 4 layer fully con-
nected network with 64 hidden units per layer and
ReLU activations. The output is softmaxed to pro-
duce a distribution over the 6 actions. The TECNet
uses the same architecture, but the reference trajectory
embeddings are normalized there is no subtraction;
instead, the initial image of the current trajectory is
concatenated with the observation. The naive model
uses the same architecture but all four input images
are concatenated for the initial convolutional network and there is no concatenation at the embedding level.

A.2 3D environment

The environment has 6 objects: 4 cubes (red, blue, green, white), a box body and a box lid. The state space is
the concatenation of the (x, y, z) positions of these objects, resulting in an 18-dimensional state. As the object
positions are known, we use an attention over the objects as part of the action, as shown in Figure 7. The actions
are 2 positions: the (x0, y0) position at which to grasp and the the (x1, y1) position at which to place. When
training the policy using the object centric model, (x0, y0) is a weighted sum of the object positions, with the
z coordinate being ignored. Weights over the 6 object are output by a neural network given the difference of
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