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ABSTRACT

The growing interest in language-conditioned robot manipulation aims to develop
robots capable of understanding and executing complex tasks, with the objective of
enabling robots to interpret language commands and manipulate objects accord-
ingly. While language-conditioned approaches demonstrate impressive capabilities
for addressing tasks in familiar environments, they encounter limitations in adapt-
ing to unfamiliar environment settings. In this study, we propose a general-purpose,
language-conditioned approach that combines base skill priors and imitation learn-
ing under unstructured data to enhance the algorithm’s generalization in adapting
to unfamiliar environments. We assess our model’s performance in both simulated
and real-world environments using a zero-shot setting. In the simulated environ-
ment, the proposed approach surpasses previously reported scores for CALVIN
benchmark, especially in the challenging Zero-Shot Multi-Environment setting.
The average completed task length, indicating the average number of tasks the
agent can continuously complete, improves more than 2.5 times compared to the
state-of-the-art method HULC. In addition, we conduct a zero-shot evaluation
of our policy in a real-world setting, following training exclusively in simulated
environments without additional specific adaptations. In this evaluation, we set up
ten tasks and achieved an average 30% improvement in our approach compared to
the current state-of-the-art approach, demonstrating a high generalization capability
in both simulated environments and the real world. For further details, including
access to our code and videos, please refer to our supplementary materials.

1 INTRODUCTION

Language-conditioned robot manipulation is an emerging field of research at the intersection of
robotics, natural language processing, and computer vision. This domain seeks to develop robots
capable of understanding their surrounding environments and executing complex manipulation tasks
based on natural language commands provided by humans. Substantial progress has been made
in recent years, with some studies focusing on deep reinforcement learning techniques to shape
reward functions for language instructions, enabling agents to solve tasks through trial-and-error
processes by following language instructions [Bahdanau et al.|(2018) [Nair et al.|(2022) (Goyal et al.
(2021) Bing et al.| (2023)). However, reinforcement learning approaches often confront limitations
due to low sample efficiency and the requirement for careful reward development to learn, which
poses challenges in obtaining sufficient training data for effective learning. Consequently, other
researchers have turned to language-conditioned imitation learning approaches, which train agents
using demonstration datasets to overcome the limitations associated with reinforcement learning. For
instance, some studies utilize imitation learning with expert demonstrations that are accompanied by
labeled language instructions to solve such language-conditioned tasks [Stepputtis et al.[(2020), Jang
et al.|(2021). While these methods have demonstrated a high success rate in completing tasks, there
still exists two main shortcomings. Firstly, the process is limited by the substantial effort required to
sample expert demonstrations. As a result, the dataset available for exploration of various scenarios
in the environment is restricted, ultimately hindering the agent’s potential for better performance.
Secondly, the trained agent is deficient in its capacity for generalization, which impedes its ability to
carry out tasks in unseen environments.
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To address the first problem, some researchers employ unstructured data (play data) Lynch et al.
(2019) Lynch & Sermanet| (2021)), which consists of human demonstrations driven by curiosity or
other intrinsic motivations, rather than being driven by specific tasks, to reduce the effort required
to collect expert data for training. A substantial 99% of the training data is comprised of play data,
obtained through interactions with simulation environments by participants using virtual reality (VR)
equipment. Only 1% of the data is labeled with language instructions. By employing play data,
the labor-intensive task of data labeling is significantly reduced, facilitating the creation of larger
training datasets for imitation learning. The trained agent demonstrates remarkable performance,
exhibiting a high success rate across various tasks. Building upon the ideas presented in |Lynch &
Sermanet (2021), HULC Mees et al.|(2022a) was developed to enhance the performance of language-
conditioned imitation learning by integrating a transformer encoding structure Vaswani et al.|(2017)
and contrastive representation learning.

Regarding to the second problem, current approaches still face a challenge in generalizing to perform
tasks in unfamiliar and complex environment. The policy learned through the imitation learning
algorithm exhibits outstanding evaluation performance primarily in training domains, suggesting that
the policy’s effectiveness is restricted to scenarios where training and evaluation environments are
identical. Upon conducting sim2real experiments and zero-shot evaluations in novel environments,
the discrepancy between the evaluation and training environments result in a substantial decline in
success rates. The Zero-shot Multi-environment evaluation provided by the CALVIN benchmark
Mees et al.|(2022b) further highlights the limitations of current language-conditioned imitation
learning approaches (the success rate decreased by 50 per cent), illustrating that trained agents
struggle to ground language instructions to target objects and actions in unfamiliar environments.

Within the framework of imitation learning, agents typically rely on predicting the short-term next
action at each time step based on the current observation and goal without learning a high-level
long-term procedure. This approach diverges the more natural approach employed by humans, which
typically involves breaking down complex tasks into simpler, basic steps. Skill-based learning |Shi
et al[(2022)) Nagabandi et al.|(2020) is a promising approach that utilizes pre-defined skills to expedite
the learning process, leveraging the prior knowledge encoded within these skills, which is typically
derived from human expertise. A primary factor contributing to the suboptimal performance of
current language-conditioned imitation learning methodologies is the absence of prior knowledge
during the training process. The excessive dependence on training data can lead to overfitting and
impede generalization to unfamiliar scenarios. By incorporating prior skills into the learning process,
the agent can avoid the necessity to start from scratch and reduce the dependency of training data.

In this paper, we introduce a base Skill Prior based Imitation Learning (SPIL) framework designed to
enhance the generalization ability of an agent in adapting to unfamiliar environments by integrating
base skill priors: translation, rotation, and grasping. Specifically, SPIL learns both a low-level policy
for skill instance execution based on observations, as well as a high-level policy that determines which
base skill (translation, rotation, and grasping) should be performed under the current observation.
The high-level policy functions as a manager, interpreting language instructions and appropriately
combining these base skills to solve complex manipulation tasks. For instance, when the high-level
policy receives the language instruction “lift the block™, it will decompose the task into several steps
involving base skills, such as approaching the block (translation), grasping the block (grasping), and
lifting the block (translation). We evaluate our algorithm using the CALVIN benchmark and achieve
state-of-the-art performance in both the Single Environment and the challenging Zero-shot Multi
Environment settings. Furthermore, we conduct sim-to-real experiments to assess the performance
of our approach in real-world environments, yielding outstanding results. We summarize the key
contributions as follows:

* In this paper, we incorporate the skill priors into imitation learning and carefully crafted a
skill-prior-based imitation learning mechanism to enable learning of a high-level procedure
and enhance the generalization ability of the learned policy.

* Our proposed method exhibits superior performance compared to previous baselines, particu-
larly in terms of its ability to generalize and perform well in previously unseen environments.
Our evaluation shows that our approach outperforms the current state-of-the-art method
by a significant margin, achieving 2.5 times the performance. We conducted a series of
sim-to-real experiments to further investigate the generalization ability of our model in
unseen environments and the potential of our model for real-world applications.
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2 RELATED WORKS

Recently, natural language processing has attracted signi cant interest and attention within the eld
of robotics, grounding language to behaviors based on the vision observations. This section covers
the popular language-robot manipulation framework. Additionally, the skill-based learning methods
which inspired our novel approach are also discussed.

In this eld, some studies concentrate on establishing connections between visual perception and
linguistic comprehension in the vision-and-language eld, facilitating the agent's ability to tackle
multimodal problems Pont-Tuset et/ al. (2020) Lu €t/al. (2019) Li et al. (2020). While other research
focuses on grounding language instructions and the agent's behaviors, empowering the agent to com-
prehend instructions and effectively interact with the environment Shridhal et al. (2020) Magassouba
et al. (2019) Liu et al. (2022) Shridhar et al. (2022). However, these approaches employ two-stream
architectural models for the processing of multimodal data. Such model require distinct feature repre-
sentations for each data modality, such as semantic and spatial representations Shridhar et al. (2022),
thus potentially compromising learning ef ciency. As an alternative, end-to-end models focus on
learning feature representations and decision-making directly from raw input data, where the language
instructions as a conditioning factor to train the agent. This approach eliminates the need for manual
feature engineering Mees et al. (2022a)Co-Reyes et al. (2018), thereby offering a more ef cient and
robust solution for complex tasks and emerging as a trend in the eld of language-conditioned robot
manipulations.

For instance, imitation learning with end-to-end models has been applied to solve language-
conditioned manipulation tasks using expert demonstrations accompanied by a large number of
labeled language instructions Stepputtis et al. (2020) Jang et al. (2021). These approaches necessitate
a substantial amount of labeled and structured demonstration data. By extending the idea of Lynch
et al. (2019), Lynch et al. proposed MCIL Lynch & Sermanet (2020), which grounds the agent's
behavior with language instructions using unlabeled and unstructured demonstration data, reducing
data acquisition efforts and achieving more robust performance. HULC Mees et al. (2022a), as
an enhanced version of MCIL, designed to improve the performance of MCIL even further. It
has achieved impressive results in the CALVIN benchmark Mees et al. (2022b) using the single
environment setting. However, when tested in the more challenging Zero-shot Multi Environment
setting, where the evaluation environment is not exactly same as the training environments, HULC's
performance drops signi cantly. These suboptimal results suggest that current language-conditioned
imitation learning approaches lack the ability to adapt to unfamiliar environments.

The concept of skill-based mechanisms in deep reinforcement learning provides valuable insights
for enhancing the generalizability of algorithms. Speci cally, skill-based reinforcement learning
leverages task-agnostic experiences in the form of large datasets to accelerate the learning process
Hausman et al. (2018) Merel et al. (2019) Merel et al. (2019) Kipf et al. (2019) Lee et al. (2020). To
extract skills from a large task-agnostic dataset, several approaches Pertsch et al. (2021) Pertsch et al.
(2020) rst learn an embedding space of skills and skill priors from the dataset. Taking inspiration
from this, we have developed an imitation learning approach that utilizes certain base skill priors. By
employing this method, the agent learns high-level processes (composing these base skills) that aid in
task completion, thereby enhancing its ability to generalize across different scenarios.

3 METHODOLOGY

In this section, we rst provide an overview of our approach. Following that, we introduce the details
of our skill-prior-based imitation learning, which includes the method to construct a continuous skill
embedding space with base skill priors and the mechanism to integrate base skill priors into imitation
learning.

3.1 OVERVIEW

The optimization strategy employed in imitation learning involves minimizing the discrepancy
between the predicted actions and the corresponding actions observed in the demonstration data.
A primary challenge in integrating skill priors into imitation learning is the continuous nature of
actions in the demonstration data, which requires modeling the skills as a continuous action space to
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align with the demonstration actions, rather than representing the skills by a nite, discrete set of
pre-de ned action sequences.

Our goal is to break down complex tasks into simpler steps. We de ne three base skills for the robot
arm agent, namely, translation, rotation, and grasping, as these constitute the most basic behaviors of
such an agent. These base skills are integrated into the continuous skill space by introducing three
base skill distributions in the skill space.

By utilizing a continuous skill space and base skills, we implement an imitation learning algorithm

to train the agent to acquire the ability to 1) learn a high-level base skill composition to accomplish
the desired task and 2) develop a policy that can determine the appropriate skill instance to perform
based on each observation, as opposed to a single action. In other words, the action space of the agent
is transformed into a skill embedding space. The architecture of our proposed method is illustrated in
Figure 2.

3.2 LEARNING CONTINUOUS SKILL EMBEDDINGS AND INTEGRATING BASE SKILLS
3.2.1 BAsSE SKILL CLASSIFICATION

Considering that the base skills encompass translation, rotation, and grasping, it is feasible to
create a straightforward classi cation model manually to categorize a speci ¢ action sequence to its
corresponding base skill type. This classi cation can be accomplished by assessing the accumulated
magnitude of seven degrees of freedom within the temporal dimension of a given hidriZzeor a
given action sequendey; a;+1 ;i a+H 1), the probability of this sequence belonging to translation,
rotation, and grasping skill can be de ned as follows:
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parameter to balance the inconsistency in the scale.

3.2.2 (OONTINUOUS SKILL EMBEDDINGS WITH BASE SKILL PRIORS

We de ney as the indicator for base skills, so that the base skill distribution in the latent space can be
written asz  p(zjy) = N ( y; 3). By extending the idea of VAE, we incorporate the variaple

into the model. We employ the approximate variational postexigix) andq(y; zjx) to estimate

the intractable true posterior. Following the the VAE procedure, we measure the Kullback-Leibler
(KL) divergence between the true posterior and the posterior approximation to determine the ELBO
(detailed proof can be found in the appendix A.5.1):
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base-skill regularizer

wherep (xjy; z) andq (zjx) are the decoder and encoder networks with parametarsd |,
respectively. We also de ne a netwopk(zjy) with parameters for locating the base skills in the
latent skill space. Note that we introduce hyperparametgend ; to weigh the regularizer terms.

L e go can be interpreted as follows. On the one hand, we intend to achieve higher reconstruction
accuracy. As the reconstruction improves, our approximated posterior will become more accurate
as well. On the other hand, the two introduced regularizers contribute to a more structured latent
skill space. The rstregularizeB g, (g (zjx)jjp(z)), constrains the encoded distribution to be close

to the prior distributiorp(z). Likewise, the second regulariz&y, (q (zjx)jjp (zjy)), draws the
encoded distribution nearer to the prior distribution of its corresponding base skill class.

The learning procedure is illustrated in Figure 1. After the training process, we obtain a skill generator,
G = p (xjz), which maps the skill embedding to the corresponding action sequence. Additionally,
we have the base skill locatBr= p (zjy) to identify the position of base skill distributions within

the skill latent space. Their parameters are frozen during later imitation learning process.
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