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ABSTRACT

Large Language Models (LLMs) have been shown to be capable of performing
high-level planning for long-horizon robotics tasks, yet existing methods require
access to a pre-defined skill library (e.g. picking, placing, pulling, pushing, navi-
gating). However, LLM planning does not address how to design or learn those
behaviors, which remains challenging particularly in long-horizon settings. Fur-
thermore, for many tasks of interest, the robot needs to be able to adjust its
behavior in a fine-grained manner, requiring the agent to be capable of modifying
low-level control actions. Can we instead use the internet-scale knowledge from
LLMs for high-level policies, guiding reinforcement learning (RL) policies to
efficiently solve robotic control tasks online without requiring a pre-determined
set of skills? In this paper, we propose Plan-Seq-Learn (PSL): a modular ap-
proach that uses motion planning to bridge the gap between abstract language
and learned low-level control for solving long-horizon robotics tasks from scratch.
We demonstrate that PSL achieves state-of-the-art results on over 25 challenging
robotics tasks with up to 10 stages. PSL solves long-horizon tasks from raw visual
input spanning four benchmarks at success rates of over 85%, out-performing
language-based, classical, and end-to-end approaches. Video results and code at
https://planseqlearn.github.io/

1 INTRODUCTION

In recent years, the field of robot learning has witnessed a significant transformation with the
emergence of Large Language Models (LLMs) as a mechanism for injecting internet-scale knowledge
into robotics. One paradigm that has been particularly effective is LLM planning over a predefined set
of skills (Ahn et al., 2022; Singh et al., 2023; Huang et al., 2022b; Wu et al., 2023), producing strong
results across a wide range of robotics tasks. These works assume the availability of a pre-defined
skill library that abstracts away the robotic control problem. They instead focus on designing methods
to select the right sequence skills to solve a given task. However, for robotics tasks involving contact-
rich robotic manipulation (Fig. 1), such skills are often not available, require significant engineering
effort to design or train a-priori or are simply not expressive enough to address the task. How can
we move beyond pre-built skill libraries and enable the application of language models to general
purpose robotics tasks with as few assumptions as possible? Robotic systems need to be capable of
online improvement over low-level control policies while being able to plan over long horizons.

End-to-end reinforcement learning (RL) is one paradigm that can produce complex low-level control
strategies on robots with minimal assumptions (Akkaya et al., 2019; Herzog* et al., 2023; Handa
et al., 2022; Kalashnikov et al., 2018; 2021; Chen et al., 2022; Agarwal et al., 2023). Unlike
hierarchical approaches which impose a specific structure on the agent which may not be applicable
to all tasks, end-to-end learning methods can, in principle, learn a better representation directly from
data. However, RL methods are traditionally limited to the short horizon regime due to the significant
challenge of exploration in RL, especially in high-dimensional continuous action spaces characteristic
of robotics tasks. RL methods struggle with longer-horizon tasks in which high-level reasoning and
low-level control must be learned simultaneously; effectively decomposing tasks into sub-sequences
and accurately achieving them is challenging in general (Sutton et al., 1999; Parr & Russell, 1997).

Our key insight is that LLMs and RL have complementary strengths and weaknesses. Prior work (Ahn
et al., 2022; Huang et al., 2022a; Wu et al., 2023; Singh et al., 2023; Song et al., 2023) has shown that
when appropriately prompted, language models are capable of leveraging internet scale knowledge to
break down long-horizon tasks into achievable sub-goals, but lack a mechanism to produce low-level
robot control strategies Wang et al. (2023), while RL can discover complex control behaviors on


https://planseqlearn.github.io/

Figure 1: Long horizon task visualization. We visualize PSL solving the NutAssembly task, in which the goal
is to put both nuts on their respective pegs. After predicting the high-level plan using an LLM, PSL computes a
target robot pose, achieves it using motion planning and then learns interaction via RL (third row).

robots but struggles to simultaneously perform long-term reasoning (Nachum et al., 2018). However,
directly combining the two paradigms, for example, via training a language conditioned policy to
solve a new task, does not address the exploration problem. The RL agent must now simultaneously
learn language semantics and low-level control. Ideally, the RL agent should be able to follow the
guidance of the LLM, enabling it to learn to efficiently solve each predicted sub-task online. How
can we connect the abstract language space of an LLM with the low-level control space of the RL
agent in order to address the long-horizon robot control problem?

In this work, we propose a learning method to solve long-horizon robotics tasks by tracking language
model plans using motion planning and learned low-level control. Our approach, called Plan-Seq-
Learn (PSL), is a modular framework in which a high-level language plan given by an LLM (Plan) is
interpreted and executed using motion planning (Seq), enabling the RL policy (Learn) to rapidly
learn short-horizon control strategies to solve the overall task. This decomposition enables us to
effectively leverage the complementary strengths of each module: language models for abstract
planning, vision-based motion planning for task plan tracking as well as achieving robot states and RL
policies for learning low-level control. Furthermore, we improve learning speed and training stability
by sharing the learned RL policy across all stages of the task, using local observations for efficient
generalization, and introducing a simple, yet scalable curriculum learning strategy for tracking the
language model plan. To our knowledge, ours is the first work enabling language guided RL agents
to efficiently learn low-level control strategies for long-horizon robotics tasks.

Our contributions are: 1) A novel method for long-horizon robot learning that tightly integrates
large language models for high-level planning, motion planning for skill sequencing and RL for
learning low-level robot control strategies; 2) Strategies for efficient policy learning from high-
level plans, which include policy observation space design for locality, shared policy network and
reward function structures, and curricula for stage-wise policy training; 3) An extensive experimental
evaluation demonstrating that PSL can solve over 25 long-horizon robotics tasks with up to 10
stages, outperforming SOTA baselines across four benchmark suites at success rates of over 85%
purely from visual input. PSL produces agents that solve challenging long-horizon tasks such as
NutAssembly at 96% success rate.

2 RELATED WORK

Classical Approaches to Long Horizon Robotics: Historically, robotics tasks have been approached
via the Sense-Plan-Act (SPA) pipeline (Paul, 1981; Whitney, 1972; Vukobratovi¢ & Potkonjak, 1982;
Kappler et al., 2018; Murphy, 2019), which requires comprehensive understanding of the environment
(sense), a model of the world (plan), and a low-level controller (act). Traditional approaches range
from manipulation planning (Lozano-Perez et al., 1984; Taylor et al., 1987), grasp analysis Miller
& Allen (2004), and Task and Motion Planning (TAMP) Garrett et al. (2021), to modern variants
incorporating learned vision (Mahler et al., 2016; Mousavian et al., 2019; Sundermeyer et al., 2021).
Planning algorithms enable long horizon decision making over complex and high-dimensional action
spaces. However, these approaches can struggle with contact-rich interactions (Mason, 2001; Whitney,
2004), experience cascading errors due to imperfect state estimation (Kaelbling & Lozano-Pérez,
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