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Abstract

Learning the intents of an agent, defined by its goals or motion style, is often
extremely challenging from just a few examples. We refer to this problem as
task concept learning and present our approach, Few-Shot Task Learning through
Inverse Generative Modeling (FTL-IGM), which learns new task concepts by lever-
aging invertible neural generative models. The core idea is to pretrain a generative
model on a set of basic concepts and their demonstrations. Then, given a few
demonstrations of a new concept (such as a new goal or a new action), our method
learns the underlying concepts through backpropagation without updating the
model weights, thanks to the invertibility of the generative model. We evaluate our
method in five domains – object rearrangement, goal-oriented navigation, motion
caption of human actions, autonomous driving, and real-world table-top manip-
ulation. Our experimental results demonstrate that via the pretrained generative
model, we successfully learn novel concepts and generate agent plans or motion
corresponding to these concepts in (1) unseen environments and (2) in composition
with training concepts.

1 Introduction

The ability to learn concepts about a novel task, such as the goal and motion plans, from a few
demonstrations is a crucial building block for intelligent agents – it allows an agent to learn to
perform new tasks from other agents (including humans) from little data. Humans, even from a young
age, can learn various new tasks from little data and generalize what they learned to perform these
tasks in new situations [1].

In machine learning and robotics, this class of problems is referred to as Few-Shot Learning [2].
Despite being a widely studied problem, it remains unclear how we can enable machine learning
models to learn concepts of a novel task from only a few demonstrations and generalize the concepts
to new situations, just like humans do. Common approaches learn policies either directly, which often
suffer from covariate shift [3], or via rewards [4–6], which are largely limited to previously seen
behavior [7]. In a different vein, other work has relied on pretraining on task families and assumes
that task learning corresponds to learning similar tasks to ones already seen in the task family [8, 9].

Inspired by the success of generative modeling in few-shot visual concept learning [10–12], where
concepts are latent representations, in this work, we investigate whether and how few-shot task
concept learning can benefit from generative modeling as well. Learning concepts from sequential
demonstrations rather than images is by nature more challenging due to sequential data often not
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Figure 1: Few-shot concept learning. Given paired task demonstration τ (e.g., ‘walk’) and concept
c (a latent representation of the task), we train a generative model Gθ to generate behavior from a
concept. Then, given demonstrations of a new behavior τ̃ (e.g., ‘jumping jacks’) without its concept
label, we aim to learn its concept representation by optimizing concept c̃ as input to frozen Gθ.
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Figure 2: Experiment Domains. We extensively evaluate our approach for various domains.

satisfying the i.i.d. assumption in machine learning [13]. In particular, we assume access to a large
pretraining dataset of paired behaviors and task representations to learn a conditional generative
model that synthesizes trajectories conditioned on task descriptions. We hypothesize that by learning
a generative model conditioned on explicit representations of behavior, we can acquire strong priors
about the nature of behaviors in these domains, enabling us to more effectively learn new behavior
that is not within the pretraining distribution, given a limited number of demonstrations, and further
generate the learned behavior in new settings.

To this end, we propose Few-Shot Task Learning through Inverse Generative Modeling (FTL-IGM).
In our approach, we first pretrain a large conditional generative model which synthesizes different
trajectories conditioned on different task descriptions. To learn new tasks from a limited number
of demonstrations, we then formulate few-shot task learning as an inverse generative modeling
problem, where we find the latent task description, which we refer to as a concept, which maximizes
the likelihood of generating the demonstrations. This approach allows us to leverage the powerful
task priors learned by the generative model to learn the shared concepts between demonstrations
without finetuning the model (Figure 1). We demonstrate this approach in various domains: object
rearrangement, where concepts are relations between objects, goal-oriented navigation, where con-
cepts are target attributes, motion capture, where concepts are human actions, autonomous driving,
where concepts are driving scenarios, and real-world table-top manipulation where concepts are
manipulation tasks (Figure 2).

New concepts are either (1) compositions of training concepts (e.g., multiple desired relations between
objects that define a new object rearrangement concept) or (2) new concepts that are not explicit
compositions in the natural language symbolic space of training concepts (e.g., a new human motion
‘jumping jacks’ is not an explicit composition of training concepts ‘walk’, ‘golf’ etc.) Thanks to
generative models’ compositional properties that enable compositional concept learning [14], in
addition to being able to learn a single concept from demonstrations directly, FTL-IGM learns
compositions of concepts from demonstrations that, when combined, describe the new concept.

We show that our approach generates diverse trajectories encapsulating the learned concept. We
achieve this due to two properties of generative models. First, these models have shown strong
interpolation abilities [15, 16], which allow generating the new concept on new initial states they
were not demonstrated from. Second, these models have compositional properties that enable
compositional trajectory generation [17], which allow composing learned concepts with training
concepts to synthesize novel behavior that was not demonstrated (e.g., ‘jumping jacks’ and ‘walk’),
see Figure 3. We further demonstrate that our approach addresses a unique challenge introduced in
learning task concepts: we utilize plans generated by learned concepts in a closed-loop fashion.
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Our main contributions are (1) formulating the problem of task learning from few demonstrations as
Few-Shot Task Learning through Inverse Generative Modeling (FTL-IGM), (2) adapting a method
for efficient concept learning to this problem based on the new formulation, and (3) a systematic
evaluation revealing the ability of our method to learn new concepts across a diverse set of domains.

2 Related Work

Learning from few demonstrations. Our problem setting is closely related to learning from few
demonstrations. There has been much work on learning to generate agent behavior given few
demonstrations. There are several common approaches to this problem. First, behavior cloning (BC)
is a supervised learning method to learn a policy from demonstrations that predicts actions from
states. Similar to our framework, goal-conditioned BC can predict states from task representations
and states [18]. Finetuning these models to learn new behaviors requires labeled demonstrations of
the new task. We assume unlabeled demonstrations. BC often suffers from covariate shift [3] and fails
to generate the demonstrated behavior in novel scenarios. This can be mitigated by assuming access
to a human in the loop [19]. Second, the inverse reinforcement learning (IRL) framework learns a
policy that maximizes the return of an explicitly [5, 6, 20] or implicitly [21] learned reward function.
These works learn a reward for a single task or for a set of tasks (e.g., goal-conditioned IRL [22, 23]
and multi-task IRL [24]). While IRL is more data efficient than BC, it is computationally costly
due to learning a policy every iteration via an inner reinforcement learning (RL) loop. Additionally,
it requires access to taking actions in the environment during training and when faced with a new
task, we have to retrain the reward again. A third approach is inverse planning [25–27], which can
robustly infer concepts such as goals and beliefs even in unseen scenarios. However, it assumes access
to a planner, knowledge about environment dynamics, and the task/goal space. Finally, in-context
learning approaches [8, 28, 29] learn actions in a supervised manner by representing the task with
demonstrations. This allows few-shot generalization without further training.

In contrast, we do not learn an action-generating policy directly or via a reward function. For concept
learning, we do not assume having access to any given planner, world model, actions, rewards, or
prior over the task space. Instead, we learn concepts (task representations) from demonstrations via a
pretrained generative model that takes a concept as input and directly produces state sequences. We
then input the learned concept into the generative model to produce behavior similar yet diverse to
the demonstrated one. We further demonstrate how to use these state sequences with a planner to
take actions and achieve the desired behavior. The idea of concept learning via generative models has
been explored for computer vision applications [11, 12]. We build on this work and show how to
extend it to learn agent task concepts. Our work also differs from prior works on learning trajectory
representations [30–34]. These works focus on learning plans over trajectory embeddings, whereas
we learn a task representation from demonstrations on which we condition to generate behavior.

Generative Models in Decision Making. There has been work on generative modeling for decision-
making, including generative models for single-agent behaviors, such as implicit BC [35], Diffuser
[36, 17], Diffusion Policy [37], Decision Transformer [38–40], and for multi-agent motion prediction
such as Jiang et al. [41]. The success of diffusion policy in predicting sequences of future actions
has led to 3D extensions [42], and combined with ongoing robotic data collection efforts [43] and
advanced vision and language models, has led to vision-language-action generative models [44–46].
In this work, we utilize a conditional generative model for the inverse problem, i.e., learning concepts
from demonstrations.

Composable representations. There has been work on obtaining composable data representations.
β-VAE [47] learns unsupervised disentangled representations for images. MONet [48] and IODINE
[49] decompose visual scenes via segmentation masks and COMET [50] and [12] via energy functions.
There is also work on composing representations to generate data with composed concepts. Generative
models can be composed together to generate visual concepts [14, 51–55] and robotic skills [17]. The
generative process can also be altered to generate compositions of visual [56–59] and molecular [60]
concepts. We aim to obtain task concepts and generate them in composition with other task concepts.

3 Formulation

Inspired by recent success in large generative models, we propose a generative formulation for learning
specific behavior given a small set of demonstrations, which we term Few-Shot Task Learning through
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Figure 3: Diverse learned concept generation. We generate versions of the new behavior conditioned
on the learned concept and (1) new initial states and (2) composed with other concepts.

Inverse Generative Modeling (FTL-IGM). In our formulation, we assume access to a large pretraining
dataset Dpretrain = {(τi, ci)}Ni=1 of state-based sequences τi = {s0, s1, ...} ⊆ T of states from state
space S annotated with meta-data “concepts” ci ∈ C ⊆ Rn describing trajectories. This assumption
is often not prohibitive in practice. There is typically a vast amount of existing data collected from
the internet or prior exploration in an environment, which may only need to be weakly annotated to
characterize the trajectory, e.g., the goal state. Given Dpretrain, we learn a conditional generative model
Gθ : C×S → T conditioned on concepts and initial states, which learns to generate future trajectories.
We train the parameters of Gθ to maximize likelihood argmaxθ Eτ,c∼Dpretrain [log Gθ(τ |c, s0)].
Then, given an unlabeled demonstration dataset Dnew ∼ D, we formulate learning a new concept
c̃ that is used to sample trajectories from D as inverting the generative model. In particular, we
learn new concept c̃ so that our frozen conditional generative model Gθ maximizes the likelihood
of trajectories in Dnew, corresponding to argmaxc̃ Eτ∼Dnew [log Gθ(τ |c̃, s0)]. We find that this design
choice enables us to leverage the priors learned by Gθ from Dpretrain to effectively learn concepts from
Dnew given very few demonstrations, even if the demonstrated Dnew deviates from the concept labels
c seen in Dpretrain. For evaluation in closed loop, we further assume access to a planner that given
two states plans which action to take in the environment, sometimes via access to simulation in the
environment. We use this planner sequentially to make decisions in the environment.

The key difference between our approach to few-shot adaptation from demonstrations and prior
approaches is the assumption and usage of a large pretraining dataset of paired behaviors and
concepts Dpretrain combined with an invertible generative model. We learn new concepts solely from
demonstrations without finetuning model weights or taking actions in the environment by relying on
the pretrained concept space.

4 Few-Shot Concept Learning Based on FTL-IGM

We adapt a few-shot concept learning method to task concepts based on the FTL-IGM framework.
During training we learn a generative model Gθ from training {(τi, ci)}i pairs. We then freeze Gθ,
and given demonstrations of a new task {τ̃}i, optimize a concept c̃ to produce the new behavior via
Gθ. We then generate a diverse set of behaviors via Gθ, either for the learned concept c̃ conditioned
on new initial states or for compositions of c̃ with other concepts.

4.1 Training a diffusion model to generate behavior

A diffusion model is a generative model that given a forward noise adding process q(xt|xt−1) :=
N (xt;

√
1− βtxt−1, βtI) starting from data x0 according to a variance schedule β1, ..., βT , learns

the reverse process pθ(xt−1|xt) := N (xt−1;µθ(xt, t),Σθ(xt, t)). Ho et al. [61] simplify the training
objective to estimate noise Et∼U{1,T},x0,ϵ∼N (0,I)

[
||ϵ− ϵθ(xt, t)||2

]
where xt is produced by adding

noise ϵ to data x0 by the forward noising process at diffusion step t, q(xt|x0) := N (xt;
√
ᾱtx0, (1−

ᾱt)I) where ᾱt := Πt
s=1(1 − βs). Dhariwal and Nichol [62] enable conditioned generation

by guiding the reverse noising process with classifier gradients. The noise prediction becomes
ϵ̂ = ϵθ(xt, t)− ω

√
1− ᾱt∇xt

log pϕ(y|xt, t) where classifier pϕ(y|xt, t) is trained on noisy images,
and ω is the guidance scale. Ho and Salimans [63] introduce classifier-free guidance that achieves
the same objective without the need for training a separate classifier. This is done by learning a
conditional and unconditional model by removing the conditioning information with dropout during
training. The noise prediction is then ϵ̂ = ϵθ(xt, t) + ω(ϵθ(xt, y, t)− ϵθ(xt, t)). Ramesh et al. [64]
and Nichol et al. [65] demonstrate how this idea can be used to generate images conditioned on a
class. Diffusion models have recently shown success as generative models for decision making
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[36, 17]. Specifically, Ajay et al. [17] used a conditional classifier-free guidance diffusion model [63]
to generate trajectories of future states to reach given an input observation. We adopt this objective
and learn a denoising model ϵθ conditioned on latent concepts and initial observed states to estimate
noise of a future state trajectory:

E(τ,c)∼Dpretrain,ϵ∼N (0,I),t∼U{1,T},γ∼Bern(p)[||ϵ− ϵθ(xt(τ), (1− γ)c+ γc∅, s0, t)||2] (1)

where p is the probability of removing conditioning information which is then replaced by dummy
condition c∅, and s0 is the initial state corresponding to trajectory τ . xt(τ) is obtained from x0 = τ
by the forward noising process. We then extend this approach for the inverse problem, namely,
learning a concept from demonstrations.

4.2 Few-shot concept learning

Gal et al. [11] use a frozen generative model to learn visual concept representations from few
images depicting the concept by optimizing the model’s input v∗ = argminvEx0,v,ϵ∼N (0,1),t

[
||ϵ−

ϵθ(xt, cθ(v), t)||22
]
, where cθ and ϵθ are fixed. Liu et al. [12] extend this and learn visual concept

compositions with a pretrained diffusion model in an unsupervised manner. Namely, from a set of
images that depict various concepts, for each image xi they learn a set of weights ωi

k and a shared
set of visual concepts for all images ck, ϵ̂ = ϵ(xi

t, t) +
∑K

k=1 ω
i
k(ϵ(x

i
t, ck, t)− ϵ(xi

t, t)). We extend
these formulations to inferring multiple concepts, whose composition describes a single task concept,
from few demonstrations of a task.

Given a trained diffusion model ϵθ and demonstrations of a new concept {τ̃}i from Dnew, we learn
concepts {c̃1, ..., c̃K} for K ≥ 1 and their weights {ω1, ..., ωK} that best describe the demonstrations.
Starting from uniformly sampled concept embeddings c̃k ∼ U([0, 1]n), we freeze ϵθ, and optimize
c̃k and ωk:

Eϵ∼N (0,I)[||ϵ− (ϵθ(xt(τ̃), c∅, s0, t) +

K∑
k=1

ωk(ϵθ(xt(τ̃), c̃k, s0, t)− ϵθ(xt(τ̃), c∅, s0, t)))||2]. (2)

We find that this compositional approach enables us to effectively represent and learn new demonstra-
tions, even when demonstrations are substantially different than those seen in training tasks.

4.3 Generating the learned concept

After learning concepts c̃k, whose composition describes the new task c̃, we evaluate the behavior
it generates by initializing xT (τ) ∼ N (0, αI), and compute xt ∼ N (µt−1, αΣt−1) iteratively as a
function of the estimated denoising function ϵ̂(ϵθ), where µ and Σ are the mean and variance that
define the reverse process, and α ∈ [0, 1) is a scaling factor that leads to lower temperature samples,
until generating x0 = τ representing the trajectory of the agent. The denoising function is constructed
by fixed or learned weights as defined in Eq. 2 and by any number of concepts ≥ 1. The applications
of the generation procedure can be summarized as:

Learned concept and demonstrated initial states. We apply our learned concept to a set of
demonstrated initial states. In domains where the initial state and concept jointly determine optimal
behavior, the generated trajectory corresponds to optimal actions to execute (e.g. goal-oriented
navigation). In contrast to other domains where the initial state is irrelevant for a task due to the
randomness in sampling xT (τ) (e.g. motion capture), generated trajectories correspond to diverse
plausible behaviors exhibiting the learned concept.

Learned concept and novel initial states. We further apply the generation procedure from our
learned concept on novel initial states, to generate trajectories of new behaviors exhibiting our
conditioned concept. Prior methods may suffer from covariate shift in this setting [21]. We empirically
show that our method is less prone to this problem.

Learned concept composed with other concepts. Finally, we modify the generation procedure of
our newly learned concept to generate trajectories that simultaneously exhibit other concepts. To
generate a trajectory with an added another concept, we add another term to the sum in Eq. 2 where the
learned concept is composed with a training concept ck and its weight ωk: ωk(ϵθ(xt(τ), ck, s0, t)−
ϵθ(xt(τ), c∅, s0, t)). This modified generation procedure constructs trajectories which exhibits
behavior that has a composition of the learned concept and the other specified concepts [14].
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Figure 4: Object rearrangement. Training concepts are single pairwise relations (‘A right of/above
B’), and new concepts are either compositions of training concepts (‘A right of/above B’ ∧ ‘B right
of/above C’) or new relations (‘A diagonal to B’, ‘A, B, C on circle circumference of radius r’).

square diagonal to triangle circle right of square+square diagonal to triangle

Figure 5: Object rearrangement new concept qualitative evaluation. Learning the new concept
‘square diagonal to triangle’ and composing it with the training concept ‘circle right of square’.

Similarly to Ajay et al. [17], in environments where an inverse dynamics model is provided, we
generate trajectories in a closed loop. We execute actions calculated by the inverse dynamics given
the predicted plan by the model and then repeatedly replan given new observations.

5 Experiments

We demonstrate results in four domains where concept representations are T5 [66] embeddings of task
descriptions in natural language for training, and empty string embeddings for the dummy condition.
During few-shot concept learning, we are provided with three to five demonstrations of a composition
of training concepts or of a novel concept that is not an explicit composition of training tasks in
natural language symbolic space. We ask a model to learn the concept from these demonstrations.

5.1 Task-Concepts

Learning concepts describing goals that are spatial relations between objects. Object rearrange-
ment is a common task in robotics [67–69] and embodied artificial intelligence (AI) [70, 71], serving
as a foundation for a broader range of tasks such as housekeeping and manufacturing. Here, we use a
2D object rearrangement domain to evaluate the ability of our method to learn task specification con-
cepts. Given a concept representing a relation between objects, we generate a single state describing
that relation. The concept in a training example describes the relation (either ‘right of’ or ‘above’)
between only one pair of objects (out of three objects) in the environment. Then, a model must
learn compositions of these pairwise relations and new concepts such as ‘diagonal’ and ‘circle’ (see
Figure 4). The results in Figures 5 and 6 demonstrate that our method learns unseen compositions
of training concepts and new concepts. They further demonstrate how our method composes new
concepts with learned concepts. For additional qualitative results, please refer to Appendix A.

While successful in most cases, there are also a few failure examples. The accuracy for the new
‘circle’ concept is low (0.44) compared to the mean over task types in Figure 6 Object Rearrangement
New Concept (0.82 ± 0.09). This is most likely due to this concept lying far out of the training
distribution. The task ‘square right of circle ∧ triangle above circle’ has low accuracy for 2 concepts
(0.32) compared to the mean in Table 2 Object Rearrangement Training Composition (0.75± 0.11).
This may arise from the combined concept-weight optimization process – as there is no explicit
regularization on weights, they may converge to 0 or diverge. In Figure 12, we show that concept
components may or may not capture new concept relations.

Learning concepts describing goals based on attributes of target objects. We test our method in a
goal-oriented navigation domain adapted from the AGENT dataset [72], where an agent navigates
to one of two potential targets. Conditioned on a concept representing the attributes of the desired
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Figure 6: Object rearrangement (left) and AGENT closed loop (right) quantitative evaluation
on training and few-shot novel concept learning. Accuracy of FTL-IGM (ours), BC, VAE, and
In-Context over concept generation of training concepts, novel compositions, novel concepts, and
new initial states. We plot the average and standard error over new task types. Full details of the
evaluation metrics appear in Appendix B and for baselines implementation in Appendix C.

target object and initial state, we generate a state-based trajectory describing an agent navigating to
the target. Each object has a color and a shape out of four possible colors and four shapes. During
training, we provide 16 target-distractor combinations that include all colors and shapes (but not
all combinations), and a concept is conditioned on one of the target’s attributes (e.g., color). We
introduce new concepts defined by both target attributes, including (1) unseen color-shape target
combinations and (2) new target-distractor combinations. Figure 7 shows an example. In training,
we see bowl and red object targets. A new concept includes a novel composition as the target –
red bowl. The new concept distractor objects (green bowl and red sphere) were introduced during
training, but they were not paired with a red bowl as the target. As Figure 13 shows, our method
successfully learns concepts where targets are new compositions of target attributes in settings with
new target-distractor pairs and generalizes to new initial object states. We further evaluate our model
and baselines in closed loop (Figure 6) by making an additional assumption that a planner is provided.
The planner produces an action given a current state and a future desired state predicted by a model.

Learning concepts describing human motion. Unlike prior work on learning to compose human
poses from motion capture (MoCap) data [e.g., 73, 74], here we focus on the inverse problem –
learning new actions from MoCap data. In particular, we use the CMU Graphics Lab Motion Capture
Database (http://mocap.cs.cmu.edu/). We train on various human actions in the database and few-shot
learn three novel concepts (see Appendix B.3 for details). Learning tasks from few demonstrations
is especially beneficial in this domain since describing motion concepts in words could be hard. In
Table 5.1, we ask five human volunteers to select generated behaviors that depict training and new
concepts. We demonstrate quantitatively that our method generates human motion that captures the
desired behavior across training and new behaviors. We qualitatively demonstrate how our method
generates learned new concepts (‘jumping jacks’ and ‘breaststroke’) from new initial states and
composes ‘jumping jacks’ with training concepts ‘walk’, ‘jump’, and ‘march’.

Results are best viewed on our website website. We compare motion generated by our method to
various baselines on new initial states for ‘jumping jacks’ and ‘breaststroke’. Our method is noisy yet
captures the widest range of motion. While other methods often produce smoother trajectories, they
mostly capture local (VAE) or degenerate (BC, In-Context, Language) motion.

Learning concepts describing driving scenarios. In an Autonomous Driving domain [75], an
agent acts in a challenging multi-agent environment to complete a driving task. We train on several
driving scenarios (‘highway’, ‘exit’, ‘merge’, and ‘intersection’) and learn a new driving scenario
(‘roundabout’) from several demonstrations (see Figure 8 and further details in Appendix B.4). We
evaluate this scenario in closed loop on new initial states, assuming access to a planner that can
simulate taking actions in the environment. Over two evaluation metrics (crash and task completion
rate), our method achieves overall best results (Figure 9).

Learning concepts describing real-world table-top manipulation tasks. We evaluate our method’s
capability to learn a novel concept for real-world table-top manipulation with a Franka Research 3
robot. Training concepts include ‘pick green circle and place on book’, ‘pick green circle and place
on elevated white surface’, ‘push green circle to orange triangle’ and ‘push green circle to orange
triangle around purple bowl’. The new scenario includes pushing the green circle to the orange
triangle on a book (Figure 10). We evaluate training pushing in closed loop and and achieve success
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Distractor
training red/bowl
training yellow/bowl
training red/cube
training yellow/cube
training purple/cone

Target
red bowl
yellow bowl
red cube
yellow cube
purple cone

Distractor
yellow object
red object
cube
bowl

Target
red object
yellow object
bowl
cube

go to red object go to bowl go to red bowl

Training
target defined by single color/shape attribute

New Concepts
target defined by novel composition of attributes

Figure 7: Goal-oriented navigation. In training, targets are defined by a single attribute (color or
shape), and in new concepts, targets are defined by a novel combination of color and shape attributes.
To make the setting more challenging, distractor objects in new concept demonstrations have a
combination of attributes that are within the training distribution.

Setting BC VAE Ours

Training 20 ± 16.3 0 ± 0 80 ± 16.3
66.7 ± 0 46.7 ± 16.3 100 ± 0

New Concept 26.7 ± 13.3 0 ± 0 73.3 ± 13.3
New Initial State 40 ± 24.9 26.7 ± 13.3 80 ± 16.3

Table 1: MoCap human experiment. For training concepts and new concepts on new initial
states, we report (top) percentage of time each method is the most successful at depicting a concept
and (bottom) percentage of time each method depicts a concept. Mean and standard deviation are
calculated over the number of scenarios in each setting and human subjects.

(90% accuracy). We evaluate the new concept, elevated pushing, against a baseline that conditions on
the training ‘push green circle to orange triangle’ representation in the new scenario setup where the
objects are placed on a book. Learning the new concept succeeds (55% accuracy) while using the
training representation fails (15% accuracy) and the robot often pushes the book instead of the object.
Details are in Appendix B.5 and qualitative results are on our website.

5.2 Baselines

Goal conditioned behavior cloning. We compare our method with goal-conditioned behavior
cloning (BC), which, given a condition and a state, outputs the next state in a sequence. It is
trained on our paired pretraining dataset and learns concepts by optimizing the input condition to
maximize the likelihood of new concept demonstration transitions. We test its ability to compose
new learned concepts with training concepts naively by adding conditions that are then inputted into
the model. We observe that even though goal-conditioned BC has access to the pretrained dataset and
conditions, and while it may learn new concepts, it suffers from covariate shift on new initial states
and lacks the ability to generalize to novel compositions of the learned concept with training concepts
(Figures 6, 9, 13). To achieve these generalization capacities, we need a model that can process
interpolated (initial states) and composed (concepts) conditions, such as our generative model.

Learning the concept space with a VAE. We compare our method with VAE [76] that does not
utilize the concepts in the paired pretraining data but rather learns the concept space by reconstructing
pretraining data trajectories through their encoded representation z. Trajectories are generated via a
decoder conditioned on an initial state and z with added noise. z is obtained by encoding a trajectory
for training evaluation and by fixing the decoder and optimizing z to generate a given demonstration
when learning a new concept. We find that the VAE model learns a latent space that captures training
and new concepts but does not enable generalization to new initial states (Figures 6, 9, 13). This
highlights the importance of concept representations in the pretrained data.

New Concept

highway exit roundabout

Training

merge intersection

Figure 8: Autonomous driving. A controlled agent (green) completes various driving objectives as
fast as possible while sharing the road with other vehicles (blue) and avoiding collisions. Training
concepts: ‘highway’, ‘exit’, ‘merge’, and ‘intersection’, new concept: ‘roundabout’.
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Training Crash New Concept Crash
0

20

40

60

%

Ours BC VAE In-Context

Training Success New Concept Success
0

20

40

%

Ours BC VAE In-Context

Figure 9: Driving crash (left) and success (right) rates. Crash rate (lower is better) and task
completion rate (higher is better) averaged over training tasks. We report standard errors over training
tasks and accuracy over 50 trajectories generated from the learned new concept. VAE has a high
completion rate yet a high crash rate. In-context has a low crash rate yet 0% success rate – typically,
the controlled vehicle reaches the roundabout’s center but does not complete the crossing. Overall,
our method learns to complete the roundabout crossing with competitive crash and success rates.

Training concepts New concept closed loop evaluation
pick&place on book push on surface push aroundpick&place on table push on book

Figure 10: Table-top manipulation. Training concepts: pick-and-place onto elevated surfaces and
table-top pushing. New concept: pushing on an elevated surface.

In-Context learning. We compare our approach with training a method to in-context learn from
demonstrations. Specifically, we compare our approach to Xu et al. [28] using the pretrained
dataset for few-shot behavior generation without further training. We sequentially predict states from
demonstrations of a concept and window of current states and show that our method adapts better to
new concepts (Figures 6, 9, 13). This emphasizes the need to learn explicit concept representations.

Conditioning on Language Descriptions of New Concepts. There has been work on generating
actions from language instructions [77–79]. We demonstrate that in our setup, merely providing
new concept language instructions embedded with T5 (as in our pretraining dataset) is insufficient,
and generalization is better when learning concepts from few demonstrations. For AGENT, training
compositions on new initial states has an average accuracy and standard error of 0.63± 0.07, lower
than ours (0.73± 0.07). For Object Rearrangement, training compositions (0.2± 0.07), new concept
(0.2± 0.05), and new and training concept compositions (0.13± 0.04) accuracies are significantly
lower than ours (0.9± 0.04, 0.82± 0.09 and 0.8± 0.02). For MoCap, we demonstrate qualitatively
that instead of capturing new human actions, the agent transitions into walking. Results are best
viewed on our website.

5.3 Learning two concepts yields higher accuracy than one concept

When learning weights together with concepts, we check the effect of the number of learned concepts
and weights. We report results in Table 2 for Object Rearrangement, AGENT, and Driving, and find
that, on average, learning two concepts improves concept learning. We demonstrate qualitatively for
MoCap that learning two conditions is preferable. In ‘jumping jacks’, we observe that the motion
lacks raising and lowering both arms and in ‘breaststroke’, it lacks complete arm and upper torso
movement. Results are best viewed on our website.

5.4 How are learned new concepts related to training concepts?

New concepts that are compositions of training concepts. We analyze what the learned two
concepts in Object Rearrangement and AGENT learn for novel concept compositions (e.g., ‘red
bowl’). For each concept (e.g., ‘red’ and ‘bowl’), we generate two sets of 50 samples from the learned
components. Table 3 shows accuracy for these sets over the concepts. In some cases (most notably the
‘line’ concept in Object Rearrangement, ‘circle right of triangle and triangle right of square’), each
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Environment Setting 1 Concept 2 Concepts

Object
Training Composition 0.28±0.11 0.75±0.11

Rearrangement New Concept 0.49±0.11 0.77±0.09

New+Training 0.38±0.04 0.73±0.04

AGENT Training Composition 0.52±0.08 0.68±0.13

New Initial State 0.54±0.07 0.67±0.05

Driving New Initial State 0.14 0.24

Table 2: Ablation on the number of learned concepts. We test the effect of the number of
learned concepts and weights in FTL-IGM on the generation accuracy of new learned concepts. On
average, learning two concept components and their weights is preferable to learning one concept
component and its weight. We report average accuracy and standard error over task types for Object
Rearrangement and AGENT. Driving includes a single new concept and we report accuracy only.

learned component captures a single composed concept. In other cases, a single learned component
captures both concepts (Figure 12).

New concepts that are not explicit compositions of training concepts in natural language sym-
bolic space. In Figure 11 we visualize t-SNE [80] embeddings for T5 training concept representations
and learned concept component representations. We note that learned components are relatively close
to training concepts, maintaining the model’s input distribution, yet capture concepts that are not
explicit compositions of training concepts.

learned new concepttraining concept

Object Rearrangement MoCap Driving

Object Rearrangement MoCap Driving

Figure 11: t-SNE embeddings of new concepts that are not explicit compositions of training
concepts. See interactive version for detailed labels on our website.

6 Discussion and Limitations

In this work, we formulate the problem of new task concept learning as Few-Shot Task Learning
through Inverse Generative Modeling (FTL-IGM). We adapt a method for concept learning based
on this new formulation and evaluate task concept learning against baselines in four domains. Our
extensive experimental results show that, unlike the baselines, FTL-IGM successfully learns novel
concepts from a few examples and generalizes the learned concepts to unfamiliar scenarios. It also
composes learned concepts to form unseen behavior thanks to the compositionality of the generative
model. These results demonstrate the efficacy, sample efficiency, and generalizability of FTL-IGM.

However, our work has several limitations. First, while our framework is general for any parameterized
generative model, our implementation with a diffusion model incurs high inference time. We note
that there is still space for improvement in the MoCap generation quality and in the compatibility
rate of demonstrations generated by composing learned and training concepts. In addition, we
assume that learned concepts lie within the landscape of training concepts to learn them from a few
demonstrations without retraining the model. We have approached the question of what new concepts
can be represented by compositions of concepts in this landscape empirically, leaving a theoretical
analysis as future work. We are hopeful that with the continued progress in the field of generative AI,
more powerful pretrained models will become available. Combined with our framework, this will
unlock a stronger ability to learn and generalize various task concepts in complex domains.
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A Additional Results

Object Rearrangement. We display additional states generated by our model for various new
concepts. We generate learned concepts that are compositions of training concepts (Figure 14), new
concepts that are not explicit compositions of training concepts (Figure 15), and a new concept
composed with a training concept (Figure 16). We analyze the learned concepts qualitatively
(Figure 12) and quantitatively (Table 3).

Goal-Oriented Navigation. We provide accuracy for open loop evaluation in Figure 13. We further
analyze the learned concepts quantitatively (Table 3).

Component 1 Component 2

circle right of triangle and triangle right of square

square right of circle and triangle above circle

Figure 12: Object rearrangement new compositions analysis qualitative evaluation. ‘circle right
of triangle ∧ triangle right of square’ (top) each learned component corresponds to a single composed
concept: ‘circle right of triangle’ (component 1) and ‘triangle right of square’ (component 2). In
‘square right of circle ∧ triangle above circle’ (bottom), learned component 2 corresponds to both
composed concepts and component 1 to none.

Training Training Composition Training Composition
New Initial State

0.00

0.25

0.50

0.75

1.00
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cc

ur
ac

y

Ours BC VAE In-Context

Figure 13: AGENT open loop evaluation. We plot the average and standard error over task types.

B Data Generation and Evaluation

B.1 Object Rearrangement

Training. The training dataset of ∼ 11k samples consists of concepts ‘A right of B’ and ‘A above
B’, where A and B are one of three objects: circle, triangle, or square. Altogether, there are 12
possible concepts (two relations and three objects where order is important). In the data generation
process, A at center position (xA, yA) ∈ [0, 5]2 with radius rA ∈ [0.3, 1] and angle θA ∈ [0, 2π] is
considered ‘right of’ B at center position (xB , yB) with radius rB if xA > xB and |yA − yB | ≤ rA.
Similarly, A is considered ‘above’ B if yA > yB and |xA − xB | ≤ rA. We further verify that training
objects do not overlap.

New Tasks. The new scenarios include

• Five novel compositions of training concepts (training composition in Figure 6). ‘triangle
right of square ∧ circle above square’, ‘square right of triangle ∧ circle above triangle’,
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triangle right of square and circle above square

square right of triangle and circle above triangle

line: circle right of triangle and triangle right of square

circle right of square and triangle above square

square right of circle and triangle above circle

Figure 14: New concepts that are training concept compositions. We display successful (green
frames) and unsuccessful (red frames) states generated by our model conditioned on learned concepts
that are training concept compositions.
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circle, triangle and square on circle of radius r=1.67

triangle diagonal to square

circle diagonal to triangle

triangle diagonal to circle

Figure 15: New concepts that are not explicit training concept compositions. We display
successful (green frames) and unsuccessful (red frames) states generated by our model conditioned
on learned concepts that are not explicit training concept compositions.
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circle above square+square diagonal to triangle

circle above triangle+square diagonal to triangle

circle right of triangle+square diagonal to triangle

triangle above circle+square diagonal to triangle

Figure 16: New concept composed with training concepts. We display successful (green frames)
and unsuccessful (red frames) states generated by our model conditioned on a learned concept that
is not an explicit training concept composition (‘square diagonal to triangle’) in composition with
various training concepts.
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Table 3: Analysis of learned concepts. For new concepts that are explicit training concept
compositions, we evaluate what each learned component captures. For both concepts 1 and 2, we
report accuracy with respect to the concept when trajectories are generated solely from one learned
component. e.g. in AGENT (bottom), 42% of the trajectories generated by component 1 and 48% of
the trajectories generated by component 2 target the red object.

Environment Concept 1 Component 1 Component 2 Concept 2 Component 1 Component 2

Object Rearrangement

△R□ 0.42 0.62 ⃝A□ 0.88 0.36
□R△ 0.16 0.64 ⃝A△ 0.08 0.08
⃝R□ 0.1 0.48 △A□ 0.86 0.4
□R⃝ 0.14 0.9 △A⃝ 0.02 0.6
⃝R△ 0 0.92 △R□ 0.64 0.14

AGENT

red 0.42 0.48 bowl 0.66 0.56
yellow 0.72 0.44 bowl 0.58 0.74

red 0.42 0.76 cube 0.44 0.96
yellow 0.4 0.32 cube 0.82 0.78
purple 0.48 0.42 cone 0.56 0.36

‘circle right of square ∧ triangle above square’, ‘square right of circle ∧ triangle above circle’,
‘line’: ‘circle right of triangle ∧ triangle right of square’. There are five demonstrations of
each novel composition.

• Five new concepts (new concept in Figure 6). ‘circle’: circle, triangle, and square lie in
equal intervals on the circumference of a circle with radius 1.67 and center ∈ [0, 5]2, ‘square
diagonal to triangle’, ‘triangle diagonal to square’, ‘circle diagonal to triangle’, ‘triangle
diagonal to circle’. A is considered diagonal to B if their centers lie on f(x) = x and if A is
‘above’ and ‘right of’ B. There are five demonstrations of each novel concept.

• Composing a new concept, ‘square diagonal to triangle’, with five training concepts (new
and training concept composition in Figure 6): ‘circle right of square’, ‘circle above square’,
‘circle above triangle’, ‘circle right of triangle’, ‘triangle above circle’. When we learn
weights for the new concept, the training concept is weighted by ω = 1. Otherwise, both
training and learned concepts are weighted by fixed ω.

We verify that objects do not overlap and that no training relations unrelated to the specified new
concepts exist in the demonstrations between objects.

State space. The state space is a 21-tuple describing three shapes (circle, triangle, and square),
each represented by a 7-tuple: their center 2D position, size, angle, and one-hot shape type.

Evaluation data and metrics. For training, we generate 50 states conditioned on uniformly
sampled training concept embeddings for single relations. For each concept composition and new
concept, we report accuracy on 50 generated states conditioned on the learned concept. For new
concepts composed with training concepts, we report accuracy based on 50 generated states for each
training concept. Results in Figure 6 are reported for best learned ω and fixed ω ∈ {1.2, 1.4, 1.6, 1.8}
– we learn two concepts with classifier-free guidance weight ω = 1.2. We report accuracy based
on a relaxed version of the data generation process: A is considered ‘right of’ B if xA > xB and
|yA−yB | ≤ 2·max{rA, rB}, A is considered ‘above’ B if yA > yB and |xA−xB | ≤ 2·max{rA, rB}.
A, B and C lie on a ‘circle’ if their centers form a circle of radius r where |r − 1.67| < 0.3 and A is
‘diagonal’ to B if xA > xB , yA > yB and they lie within a 2 ·max{rA, rB} margin of f(x) = x.

B.2 Goal-Oriented Navigation

Training. To collect demonstrations, we follow the data generation process in the AGENT bench-
mark environment [72], which provides a planner for navigation given the desired target. In the
provided environment, the agent’s initial position apt=0 = (0, 0.102,−3.806), color (yellow) and
shape (cone) are fixed. There are two objects: the target and a distractor. Each object has a color
oc1, o

c
2 ∈ {red, yellow,purple, green}, a shape os1, o

s
2 ∈ {cone, sphere,bowl, cube} and a position

op1 ∈ [0, 1.66] × {0.102} × [−4.355,−3.257], op2 ∈ [−1.66, 0] × {0.102} × [−4.355,−3.257].
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The training dataset of ∼ 900 samples consists of concepts ‘go to red object’ and ‘go to yellow
object’ where oc1 ∈ {red, yellow}, oc2 ∈ {red, yellow} \ {oc1} and os1, o

s
2 ∈ {cone, sphere}, and

concepts ‘go to bowl’ and ‘go to cube’ where os1 ∈ {bowl, cube}, os2 ∈ {bowl, cube} \ {oc1} and
oc1, o

c
2 ∈ {purple, green}.

New Tasks. The new scenarios include

• Five novel compositions of training target color and shape attributes (training composi-
tion in Figure 6). ‘go to red bowl’ (oci , o

c
j = red, osi = bowl, osj ∈ {cone, sphere} or

osi , o
s
j = bowl, oci = red, ocj ∈ {purple, green} where i ∈ {1, 2} and j = {1, 2} \ i),

‘go to yellow bowl’ (oci , o
c
j = yellow, osi = bowl, osj ∈ {cone, sphere} or osi , o

s
j =

bowl, oci = yellow, ocj ∈ {purple, green}), ‘go to red cube’ (oci , o
c
j = red, osi = cube,

osj ∈ {cone, sphere} or osi , o
s
j = cube, oci = red, ocj ∈ {purple, green}), ‘go to yel-

low cube’ (oci , o
c
j = yellow, osi = cube, osj ∈ {cone, sphere} or osi , o

s
j = cube, oci =

yellow, ocj ∈ {purple, green}), ‘go to purple cone’ (oci , o
c
j = purple, osi = cone,

osj ∈ {bowl, cube} or osi , o
s
j = cone, oci = purple, ocj ∈ {red, yellow}). Note that in

each scenario, the distractor object either has the same color or shape as the target, and
combined with its other attribute (shape or color), it is within the training distribution (i.e.,
red and yellow cones and spheres, and purple and green bowls and cubes). There are five
demonstrations of each novel composition.

• Conditioning each novel composition concept on novel initial states sampled from the novel
concept distribution (training composition new initial state in Figure 6).

State space. The initial state space we condition on is a 52-tuple based on the state space in
Shu et al. [72] describing the agent and two objects. The agent is represented by its 3D position,
quaternion ∈ R4, velocity ∈ R3, angular velocity ∈ R3, one-hot type (representing the agent and two
objects), rgba color, and one-hot shape (representing the four possible shapes). Similarly, each object
is represented by its 3D position, type, color, and shape. The demonstration state space is a 13-tuple
representing the first 13 dimensions of the initial state space (agent position, quaternion, velocity, and
angular velocity). Demonstrations i ∈ [N ] have horizons Hi ≤ 150 and are padded to length 150
using the final state. During training, we sample the demonstrations to generate subtrajectories of
length 128.

Evaluation data and metrics. For training, we generate 50 trajectories conditioned on uniformly
sampled training concepts and initial states. For each new concept, we generate five trajectories
conditioned on the learned concept and five initial states from the new concept demonstrations. To
evaluate each concept composition on new initial states, we generate trajectories conditioned on
the learned concept and 50 initial states sampled from the new concept distribution. Results in
Figure 6 are reported for best learned ω and fixed ω ∈ {1.2, 1.4, 1.6, 1.8} – we learn two concepts
with classifier-free guidance weight ω = 1.6. We report accuracy based on whether the agent in the
generated trajectory has made progress towards the desired target (|apt=128−optarget| < |apt=0−optarget|).
Accuracy for closed loop evaluation (Figure 6) is reported based on optimally reaching target otarget
before a distractor odistractor (|apt=128 − optarget| < 0.365 ∧ ∀t < 128 : |apt − opdistractor| ≥ 0.365).

Closed loop evaluation. The action space A ⊆ R2 represents forces applied to the agent. We take
actions at = τt+5 − st where st is an observation in the environment, and τt+5 is a future step in
the open loop plan generated by G conditioned on observation st and learned concept c̃. We execute
actions in the environment until reaching the target or a maximum number of steps and report the
evaluation metric described above. Closed loop evaluation is done in pybullet simulation [81] for
efficiency.

B.3 MoCap

Training. All human actions in the CMU Graphics Lab Motion Capture Database
(http://mocap.cs.cmu.edu/) are included in the training set except three new scenarios. We further
discard videos with less than 128 frames. The training set includes 2210 demonstrations.
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New Tasks. The new scenarios include

• Three new concepts. ‘jumping jacks’ (3 demonstrations), ‘chop wood’ (2), and ‘breaststroke’
(3).

• Conditioning each novel concept on novel initial states – the last states in the new concept
demonstrations.

• Composing new learned concept ‘jumping jacks’ weighted by learned concept weights with
three training concepts (‘walk’, ‘jump’ and ‘march’) weighted by ω = 1, and conditioned
on a training initial state from the training concepts.

State space. The initial state space is a 42-tuple representing the 3D position of 14 joints. The
original dataset contains 31 joints. Our version is adapted with Tanke et al. [82] to reduce the number
of joints to 14 and to remove rotation and translation. The demonstration state space is the same
with horizons Hi, i ∈ [N ]. We subsample the original trajectories every 4 steps and further sample
trajectories to generate subtrajectories of unified length 32 on which we train.

Evaluation data and metrics. For each new concept, we generate trajectories conditioned on
the learned concept and an initial state from the new concept demonstrations. For evaluating each
new concept on new initial states, we generate trajectories conditioned on the learned concept and
novel initial states from the new concept demonstrations that were not used as initial states during
concept learning, specifically the last state in each demonstration. For new concepts composed with
training concepts, we generate trajectories, each conditioned on the learned concept, a uniformly
sampled training concept, and training initial state. Results are reported for best learned ω and fixed
ω ∈ {1.2, 1.4, 1.6, 1.8} – we learn two concepts with classifier-free guidance weight ω = 1.8.

Human experiment. We show five humans (aged 23-28, four male) videos of training and new
concepts with their natural language labels and ask whether each video depicts the concept and which
depicts it best. The participants gave their consent, and the study was approved by an Institutional
Review Board. We show three training concepts: ‘march’, ‘run’, and ‘walk’, and three new concepts:
‘jumping jacks’, ‘chop wood’, and ‘breaststroke’ on new initial states.

B.4 Autonomous Driving

Training. We use the following scenarios from the HighwayEnv driving simulation environment
[75]. The training scenarios include four driving scenarios: ‘highway’, ‘exit’, ‘merge’, and ‘intersec-
tion’. In ‘highway’, the objective is driving on a highway at high speed on the rightmost lanes while
avoiding collisions. The highway has four lanes and 50 vehicles. The initial lane and position of all
vehicles are sampled, as well as non-controlled vehicle speeds. An episode ends if the controlled
vehicle crashes or a time limit is reached. In ‘exit’ the objective is to take a highway exit while driving
on a four-lane highway with an exit lane and 20 vehicles. The controlled vehicle is rewarded for
exiting at high speed and driving on the rightmost lanes while avoiding collisions. The initial position
of all vehicles is sampled. An episode ends if the controlled vehicle crashes or a time limit is reached.
In ‘merge’, the objective is driving on a highway with three lanes and a merging lane and three
vehicles, one of them merging. The controlled vehicle is rewarded for driving at high speed while
avoiding collisions and allowing another vehicle to merge into the highway. The lane, position, and
speed are sampled for non-controlled vehicles. An episode ends if the controlled vehicle passes the
merging lane or crashes. In ‘intersection’, the objective is making a left turn at an intersection with
four two-way roads and 10 vehicles. The controlled vehicle is rewarded for crossing the intersection
at high speed while staying on the road and avoiding collisions. The controlled vehicle’s position is
sampled, as well as the lane, position, and speed of other vehicles. An episode ends if the controlled
vehicle completes crossing the intersection or crashes. Expert demonstrations were collected using a
deterministic tree search planner provided in [83].

New Task. The new scenario includes:

• A novel driving scenario: ‘roundabout’. In this scenario, the objective is to take the second
exit at a roundabout with four exits and four vehicles. The position and speed of non-
controlled vehicles are sampled. An episode ends if the controlled vehicle crashes or a time
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limit is reached. The novel concept is conditioned on novel initial states sampled from the
new concept distribution. There are five demonstrations of this new concept.

State space. The initial state space we condition on is in R5×7, the controlled vehicle and the
four closest vehicles. Each vehicle is represented by a 7-tuple, including whether it is present on
the road, its x and y positions, x and y velocities, and cosine and sine heading directions. The
demonstration state space observations of the controlled vehicle in R7 for horizons Hi, i ∈ [N ].
We sample trajectories to generate subtrajectories of length 8, which we train on.

Evaluation data and metrics. For evaluating the new concept on new initial states, we evaluate in
closed loop on 50 initial states sampled from the new concept distribution. Task return, crash, and
success rates are calculated based on the rewards described above. Note that the ‘highway’ scenario
doesn’t have a success score as there is no final state to reach in this scenario. Results are reported for
best learned ω and fixed ω ∈ {1.2, 1.4, 1.6, 1.8} – for training, we report ω = 1.8 and during new
concept learning, we learn two concepts and their corresponding classifier-free guidance weights.

Closed Loop Evaluation. The action space is discrete: move to the left lane, stay idle, move to the
right lane, drive faster, drive slower. We assume access to a planner P that given two states plans
which action to take in the environment via access to simulation in the environment, at = P(τt+1, st).
The planner simulates the possible actions from observed state st and randomly selects an action out
of the ones closest to the model predicted next state τt+1 that does not result in the controlled vehicle
crashing. We execute actions until reaching a maximum number of steps or until the controlled
vehicle crashes.

B.5 Table-Top Manipulation

Training. We collect 214 expert demonstrations with a Franka Research 3 robot via teleop with
a Spacemouse for four table-top manipulation tasks: ‘pick green circle and place on book’ (29
demonstrations), ‘pick green circle and place on elevated white surface’ (30), ‘push green circle to
orange triangle’ (124), and ‘push green circle to orange triangle around purple bowl’ (31). Examples
of these tasks are best viewed on our website.

New task. The new scenario includes pushing the green circle to the orange triangle on a book. We
provide ten demonstrations of this task.

State space. The initial state space we condition on includes an overhead RGB image of the scene
(Figure 10) and the robot’s end effector pose, a 7-tuple of its 3D position and quaternion, and gripper
state in R. We verify that most states are fully observable. The demonstration state space includes
observations of the end effector pose and gripper state in R8 for horizons Hi, i ∈ [N ]. We sample
trajectories to generate subtrajectories of length 32, which we train on.

Evaluation data and metrics. We evaluate 20 episodes for training ‘push green circle to orange
triangle’ and new concept ‘push green circle to orange triangle on book’ on new initial states sampled
from the concept distributions. An episode is successful if the green circle touches the orange triangle
before a maximum horizon is reached. Results for training are reported for ω = 1.8 and during new
concept learning, we learn two concepts and their corresponding classifier-free guidance weights.

Closed loop evaluation. The action space is an 8-tuple of the end effector pose and gripper state,
equivalent to the predictions of the model. Given predicted action τt+1 and end effector pose st, we
assume access to a planner that linearly interpolates between the current and next predicted pose. We
make predictions and roll out the 32 predicted states in closed loop until it succeeds or executes a
maximum number of steps H = 160.

C Implementation Details

Diffusion model. We represent the noise model ϵθ with an MLP for the object rearrangement
domain and with a temporal U-Net for the AGENT, MoCap and Driving domains as implemented
in Ajay et al. [17]. For Manipulation, we use a temporal U-Net where images are processed
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by a pretrained resnet18 [84] that is finetuned with the model during training. We use the same
hyperparameters as in Ajay et al. [17] except for the probability of removing conditioning information,
p, which we set to 0.1. In Table 4 we demonstrate the effect of choosing different classifier-free
guidance weights ω. We are overall better or comparable to the baselines.

Table 4: Classifier-free guidance weight choice effect. For Object Rearrangement and Goal-
Oriented Navigation we report the accuracy and standard error of the mean for new concepts from
new initial states, and for Driving, the success and crash rates. We compare the four baselines with
our approach as reported in Figures 6, 9 and 13 and Section 5.2. We report results for our approach
with all ω in our hyperparameter search and mark the reported ω in Figures 6, 9 and 13 in bold font.

Domain BC VAE In-Context Language ω Ours

Object 0.67 ± 0.15 0.08 ± 0.05 - 0.2 ± 0.05 1.2 0.82 ± 0.09
Rearrangement 1.4 0.8 ± 0.1

1.6 0.66 ± 0.08
1.8 0.61 ± 0.06

learned 0.77 ± 0.09

AGENT 0.46 ± 0.05 0.6 ± 0.06 0.57 ± 0.03 0.63 ± 0.07 1.2 0.64 ± 0.08
1.4 0.66 ± 0.05
1.6 0.73 ± 0.07
1.8 0.63 ± 0.06

learned 0.67 ± 0.05

Driving 4% 24% 0% - 1.2 18%
Success Rate 1.4 14%

1.6 4%
1.8 10%

learned 24%

Driving 64% 48% 16% - 1.2 38%
Crash Rate 1.4 40%

1.6 48%
1.8 40%

learned 32%

BC. We implement behavior cloning (BC) [85]. The BC model is deterministic. In the Object
Rearrangement domain, we only condition on concept c. To add stochasticity, when evaluating BC,
we average results over 50 different seeds. We use an MLP with one hidden layer of size 512, ReLU
activations, and AdamW [86] with learning rate 6 · 10−4. In AGENT, at each step, the input to the
model is the fully observable initial state (52-dim) and the condition, and the model learns to predict
the next partially observable agent state (13-dim). Composing concepts is implemented by adding
conditions.

VAE. We implement a conditional variational autoencoder model (CVAE) [76]2. We use an MLP
for the architecture with AdamW [86] and learning rate 6 · 10−4. We sample 50 trajectories per
concept and average the results. Composing concepts is implemented by adding conditions.

In-Context. For the In-Context learning baseline [8, 28], we use a transformer encoder-decoder
architecture with 4 layers and 4 heads, where multiple demonstrations are passed into the encoder with
a zero vector to separate consecutive demonstration trajectories. During training, there are five prompt
demonstrations, during training evaluation, we provide one demonstration, and for new concepts, we
provide two to five demonstrations, depending on the number of demonstrations provided in each
domain. The decoder is passed a window of the previous states and predicts the next state. In AGENT
and Driving, we use window size K = 1, and in MoCap K = 2. We simplify the learning objective
to negative log-likelihood loss and convert the data to 20 bins for AGENT and Driving and 16 bins
for MoCap. We further simplify the AGENT data by sampling the trajectories every eight states. We
use learning rate 10−4 in all domains. We do not evaluate on Object Rearrangement since the horizon
is one.

2based on the implementation in https://github.com/pytorch/examples/blob/main/vae/main.py
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Language. The language instructions are as follows. For Object Rearrangement, training composi-
tions are training concept descriptions composed with the word ‘and’. New concepts are described as
‘circle triangle and square in a circle of radius 1.67’ and ‘A right and above diagonally to B’ where A,
B∈ {‘circle’, ‘triangle’, ‘square’}. New concepts composed with training concepts are composed
with the word ‘and’. AGENT concepts are described based on new concept attributes, e.g. ‘go to red
bowl’. In MoCap, descriptions are human actions such as ‘jumping jacks’.

Compute. We run all simulated experiments on a single NVIDIA RTX A4000 machine. We
evaluate our method on real-world table-top manipulation tasks using a Franka Research 3 robot with
an overhead Realsense D435I RGB camera and an NVIDIA RTX 4090 machine. Concept learning
can take approximately one to two hours. Since a new concept only has to be learned once to generate
behavior, in the domains we presented, it is reasonable to learn a concept offline, and therefore, it is
not prohibitive.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: We describe our formulation in Section 3, the adapted method in Section 4 and
empirical evaluation in Section 5.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We discuss limitations in Section 6.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [NA]
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Justification: The paper does not include theoretical results.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: Described in Section 5 and Appendix B and C.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [No]

Justification: We plan to release our code in the near future.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental Setting/Details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We discuss implementation details in Appendix B and C.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment Statistical Significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: We provide errors in Figures 6, 9 and 13. Plots without errors display accuracy
over a fixed set. Similarly for Tables 5.1, 2 and 3.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
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• It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

• It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments Compute Resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: Described in Appendix C.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code Of Ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: We discuss limitations in Section 6 and obtain an IRB for a small-scale human
experiment.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader Impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]

Justification: In this paper, we demonstrate that effectively learning behavior (or concept)
representations from a few demonstrations is possible given a pretraining dataset, dependent
crucially on the quality of training and new concept demonstrations. While such an effective
few-shot learning system may have many societal implications, none are specific to this
work that we feel a need to highlight.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
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• Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?
Answer: [NA]
Justification: There are no high risks we feel the need to highlight.
Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: We add citations and links throughout the paper to assets used in this work.
Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.
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• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New Assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [NA]
Justification: We do not release any new assets. In the future, we plan to release our code
and add documentation.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and Research with Human Subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [Yes]
Justification: We conduct a small scale human experiment described in Section 5, Table 5.1
and Appendix B.3.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [Yes]
Justification: IRB approval was obtained.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.
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• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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