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Abstract

Deep reinforcement learning (RL) agents are able to learn contact-rich manipula-
tion tasks by maximizing a reward signal, but require large amounts of experience,
especially in environments with many obstacles that complicate exploration. In
contrast, motion planners use explicit models of the agent and environment to plan
collision-free paths to faraway goals, but suffer from inaccurate models in tasks
that require contacts with the environment. To combine the benefits of both ap-
proaches, we propose motion planner augmented RL (MoPA-RL) which augments
the action space of an RL agent with the long-horizon planning capabilities of
motion planners. Based on the magnitude of the action, our approach smoothly
transitions between directly executing the action and invoking a motion planner.
We evaluate our approach on various simulated manipulation tasks and compare it
to alternative action spaces in terms of learning efficiency and safety. The experi-
ments demonstrate that MoPA-RL increases learning efficiency, leads to a faster
exploration, and results in safer policies that avoid collisions with the environment.
Videos and code are available at https://clvrai.com/mopa-rl.

1 Introduction

RL Policy

∥at∥∞ ≤ Δqstep

Motion Planner

False

Environment

True

at = Δqt

stMP-Augmented Agent

τ0:H

Figure 1: Our framework extends an RL
policy with a motion planner. If the pre-
dicted action by the RL policy is above
a threshold ∆qstep, the motion planner is
called. Otherwise, it is directly executed.

In recent years, deep reinforcement learning (RL) has
shown promising results in continuous control prob-
lems [1, 2, 3, 4, 5, 6, 7]. Driven by rewards, robotic agents
can learn tasks such as grasping [8, 9, 10] and peg in-
sertion [10]. However, prior works mostly operated in
controlled and uncluttered environments, whereas in real-
world environments, it is common to have many objects
unrelated to the task, which makes exploration challenging.
This problem is exacerbated in situations where feedback
is scarce and considerable exploration is required before
a learning signal is received.

Motion planning (MP) is an alternative for performing
robot tasks in complex environments, and has been widely
studied in the robotics literature [11, 12, 13, 14, 15, 16,
17]. MP methods, such as RRT [12] and PRM [11], can
find a collision-free path between two robot states in an
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Figure 2: To learn both collision-avoidance and contact-rich skills, our method (MoPA-RL) combines
motion planning and model-free RL. In the images, the green robot visualizes the target state provided
by the policy. Initially, motion planning can be used to navigate to target statesa1, a2, anda3 while
avoiding collision. Once the arm passes over other legs, a sequence of primitive actionsa4 � a10 are
directly executed to assemble the leg and tabletop.

obstructed environment using explicit models of the robot and the environment. However, MP
struggles on tasks that involve rich interactions with objects or other agents, where it is challenging
to obtain accurate contact models. Furthermore, MP methods cannot generate plans for complex
manipulation tasks (e.g., object pushing) that cannot be simply speci�ed by a single goal state.

In this work, we propose motion planner augmented RL (MoPA-RL) which combines the strengths
of both MP and RL by augmenting the action space of an RL agent with the capabilities of a motion
planner. Our approach has three bene�ts: (1) MoPA-RL can add motion planning capabilities toany
RL agent with joint space control as it does not require changes to the agent's architecture or training
algorithm; (2) MoPA-RL allows an agent to freely switch between MP and direct action execution
by controlling the scale of action; and (3) the agent naturally learns trajectories that avoid collisions
by leveraging motion planning, allowing for safe policy execution even in obstructed environments.
We show that MoPA-RL learns to solve manipulation tasks in these obstructed environments while
model-free RL agents suffer from local optima and dif�cult exploration.

2 Method

2.1 Motion Planner Augmented Reinforcement Learning

We formulate the problem as a Markov decision process (MDP) de�ned by a tuple(S; A ; P; R; �; 
 )
consisting of statess 2 S, actionsa 2 A , transition functionP(s0 2 Sjs; a), rewardR(s; a), initial
state distribution� , and discount factor
 2 [0; 1]. The agent's action distribution at time stept
is represented by a policy� � (at jst ) with statest 2 S and actionat 2 A , where� denotes the
parameters of the policy. Once the agent executes the actionat , it receives a rewardr t = R(st ; at ).
The performance of the agent is evaluated using the discounted sum of rewards

P T � 1
t =0 
 t R(st ; at ),

whereT denotes the episode horizon.

In RL for continuous control, the action space can be de�ned as the joint displacementat = � qt ,
whereqt represents robot joint angles. To prevent collision and reduce control errors, the action
space is constrained to be small,A = [ � � qstep; � qstep]d, where� qstep represents the maximum joint
displacement for a direct action execution [18] andd denotes the dimensionality of the action space.

On the other hand, a kinematic motion planner computes a collision-free path from a start joint
stateqt to a goal joint stategt . We denote the motion planner asMP(qt ; gt ) and the collision-free
path as� 0:H = ( qt ; qt +1 ; : : : ; qt + H ), whereH is the number of states in the path andqt + H = gt .
The sequence of actionsat :t + H � 1 that realize the path� 0:H can be obtained by computing the
displacement between consecutive joint states,� � 0:H = (� qt ; : : : ; � qt + H � 1).

To ef�ciently learn a manipulation task in an obstructed environment, we propose motion planner aug-
mented reinforcement learning (MoPA-RL). Our method harnesses a motion planner for controlling a
robot toward a faraway goal without colliding with obstacles, while directly executing small actions
for sophisticated manipulation. By utilizing MP, the robot can effectively explore the environment
avoiding obstacles and passing through narrow passages. For contact-rich tasks, where MP often fails
due to an inaccurate contact model, model-free RL can be used instead of the motion planner.
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(a) 2D Push (b) Sawyer Push (c) Sawyer Lift (d) Sawyer Assembly

Figure 3: Manipulation tasks in obstructed environments. (a)2D Push: The 2D reacher agent has
to push the green ball to the goal (black circle). (b)Sawyer Push: Sawyer arm should push the red
box toward the goal (green circle). (c)Sawyer Lift: Sawyer arm takes out the can from the long box.
(d) Sawyer Assembly: Sawyer arm moves and inserts the table leg into the hole in the table top. The
environment is built upon the IKEA furniture assembly environment [19].

As illustrated in Figure 1, our framework consists of two components: an RL policy� � (ajs) and a
motion plannerMP(q; g). In our framework, the motion planner is integrated into the RL policy by
enlarging its action space,~A = [ � � qMP; � qMP]d. The agent directly executes an action if it is in
the original action space. If an action is sampled from outside of the original action space, which
requires a large movement of the agent, the motion planner is called and computes a path to realize
the large joint displacement.

2.2 Action Space Rescaling

The proposed motion planner augmented action space~A = [ � � qMP; � qMP]d extends the typical
action space for model-free RL,A = [ � � qstep; � qstep]d. An action~a from the original action space
A is directly executed with a feedback controller. On the other hand, an action from outside ofA is
handled by the motion planner. However, in practice,� qMP is much larger than� qstep, which results
in a drastic difference between the proportions of the action spaces for direct action execution and
motion planning. Especially with high-dimensional action spaces, this leads to very low probability
(� qstep=� qMP)d of selecting direct action execution during exploration. Hence, this naive action
space partitioning biases using motion planning over direct action execution and leads to failures of
learning contact-rich manipulation tasks.

To circumvent this issue, we balance the ratio of sampling actions for direct action executiona 2 A
and motion plan actions~a 2 ~A n A by rescaling the action space. To increase the portion of direct
action execution, we apply a piecewise linear functionf to the policy outputu 2 [� 1; 1]d. From the
policy outputu, the action (joint displacement) of thei -th joint can be computed by

ai = f (ui ) =

( � qstep

! ui jui j � !

sign(ui )
h
� qstep+ (� qMP � � qstep)

�
j u i j� !

1� !

�i
otherwise

; (1)

where! 2 [0; 1] determines the desired ratio between the sizes of the two action spaces.

3 Experiments

To verify ef�ciency and safety of our method, we conduct experiments on the following hard-
exploration tasks in obstructed settings:2D Push, Sawyer Push, Sawyer Lift, andSawyer Assembly.
We train2D Push, Sawyer PushandSawyer Assemblyusing sparse rewards. ForSawyer Lift, we use
a shaped reward function, similar to Fan et al.[10]. In all tasks, the agent receives a sparse completion
reward upon solving the tasks. Further details about the environments and reward functions can be
found in the supplementary material.

We compare the performance of our method, MoPA-SAC, against vanilla Soft Actor-Critic (SAC,
[3]), SAC with the larger action space~A (SAC Large), and SAC with IK controller (SAC IK). We
also test MoPA-SAC with explicitly choosing between MP and RL (MoPA-SAC Discrete) and our
method on the Cartesian action space instead of joint pose (MoPA-SAC IK).
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