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Abstract—Collision-free motion planning for redundant robot
manipulators in complex environments is yet to be explored.
Although recent advancements at the intersection of deep re-
inforcement learning (DRL) and robotics have highlighted its
potential to handle versatile robotic tasks, current DRL-based
collision-free motion planners for manipulators are highly costly,
hindering their deployment and application. This is due to an
overreliance on the minimum distance between the manipula-
tor and obstacles, inadequate exploration and decision-making
by DRL, and inefficient data acquisition and utilization. In
this article, we propose URPlanner, a universal paradigm for
collision-free robotic motion planning based on DRL. URPlanner
offers several advantages over existing approaches: it is platform-
agnostic, cost-effective in both training and deployment, and
applicable to arbitrary manipulators without solving inverse
kinematics. To achieve this, we first develop a parameterized
task space and a universal obstacle avoidance reward that is
independent of minimum distance. Second, we introduce an
augmented policy exploration and evaluation algorithm that
can be applied to various DRL algorithms to enhance their
performance. Third, we propose an expert data diffusion strategy
for efficient policy learning, which can produce a large-scale
trajectory dataset from only a few expert demonstrations. Finally,
the superiority of the proposed methods is comprehensively
verified through experiments.

Index Terms—Collision-free motion planning, parameterized
task space, universal obstacle avoidance reward, augmented
policy exploration and evaluation, expert data diffusion.

I. INTRODUCTION

A. Motivation and Related Work

IN recent years, robot manipulators have been increasingly
utilized across a diverse array of environments and sce-

narios, ranging from industrial manufacturing and processing
to daily service and recreation [1]. Particularly, redundant
manipulators can move more flexibly and are more adaptable
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to the growing complexity of the environment they operate in
due to their enhanced ability to avoid collision and singularity
[2]. However, the increased environmental complexity and
robotic redundancy have also significantly complicated the
collision-free motion planning problem.

Traditional motion planning (TMP) methods, such as
rapidly exploring random trees (RRT) and probabilistic
roadmap (PRM), are probabilistically complete [3]. This prop-
erty ensures that a solution can always be found if it exists,
as long as the search time approaches infinite. However, the
path they find is non-optimal [4]. Their improved variants
RRT∗ and PRM∗ can find asymptotically optimal paths, but the
optimization ability is limited as they do not leverage informa-
tion from past experiences [5]. In comparison, learning-based
planning methods can learn from previously obtained samples
to improve planning and optimization efficiency.

Besides the optimization problem, these TMP methods also
exhibit several deficiencies in other aspects. For example, they
often fall short of efficiently handling the high-dimensional
space, causing the degradation of performance as the com-
plexity of the environment increases [6]. However, learning-
based methods can perceive and represent high-dimensional
environmental states by neural networks, making the planning
more tractable in complex environments. Moreover, for TMP
methods, each planning task requires repeatedly searching the
whole environment from scratch. In contrast, learning-based
methods can be trained to directly infer an optimal solution
without going through the search process.

Additionally, for the motion planning of manipulators, these
traditional methods rely on solving inverse kinematics (IK) to
map the trajectories from Cartesian space to joint space. In this
process, extra considerations regarding the collision avoidance
of the entire manipulator are required [7]. For manipulators
with less than six degrees of freedom (DoFs), TMP methods
usually go through all possible IK configurations to find the
optimal one. However, the above procedures can be quite
complicated and time-consuming for redundant manipulators
since there are infinite IK solutions for each waypoint of
the trajectory. By contrast, some researchers have designed
learning-based methods that can bypass solving the IK and
directly learn a policy capable of reaching the target point
by constantly controlling the joint rotation of manipulators.
Such methods exhibit better universality as they can be applied
to manipulators with arbitrary DoFs without designing a
customized IK solving and planning method [7]–[9].
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Recently, the intersection of DRL and robotics has piqued
much attention since it enables robots to autonomously learn
optimal policies for versatile tasks. Such policies can adapt to
diverse and unpredictable environments and can continuously
improve performance through self-learning and adaptation
[10], [11]. Thus, DRL is particularly suited for addressing the
intricate robotic motion planning problem that is extremely
challenging for traditional methods. For example, regarding
trajectory generation tasks, Ying et al. [8] proposed an exten-
sively explored and evaluated actor-critic (E3AC) algorithm
to realize an IK-free motion planning scheme, meaning that
the method is independent of solving the IK and can be
applied to manipulators with any DoFs. In [9], the authors
proposed a multi-policy agent that could effectively handle
sequential trajectory planning for multi-process robotic tasks.
In terms of motion planning for pick-and-place tasks, Hu et al.
[12] leveraged the proximal policy optimization algorithm and
inverse reinforcement learning techniques to plan the motion
for grasping living objects such as fish. The deep Q-network
algorithm has been widely used to plan the motion sequence
of grasping cluttered objects [13]–[15]. For compliant motion
planning problem, Hou et al. has adopted deep deterministic
policy gradient (DDPG), twin delayed DDPG (TD3), and soft
actor-critic (SAC) algorithms to implement multiple peg-in-
hole assembly [16], [17]. Xu et al. [18] applied the SAC
algorithm to enable a robot hand to learn the techniques
of playing the piano. For soft robot arms and deformable
manipulation, DRL has been leveraged to train a pneumatic-
actuated soft robot to throw objects [19] and to manipulate
deformable ropes [20].

Despite the advancements in DRL-based motion planning
for manipulators, three main deficiencies persistently hinder
its effectiveness and efficiency in real-world deployment.

Firstly, the obstacle avoidance ability of the manipulators
is rarely considered in the aforementioned studies and re-
mains relatively unexplored [11]. Regarding this, the design
of appropriate and task-specific reward functions is crucial,
as it directly affects the learning outcomes of DRL policies
[3]. One approach is to set the reward as zero when a
collision is detected [5], [21]. However, such sparse rewards
result in many different samples with the same zero feedback,
significantly degrading the policy learning process [7]. As for
dense rewards, current methods for obstacle avoidance heavily
rely on the minimum distance information between the robot
and obstacles. For example, Sui et al. [22] designed a linear
reward that is proportional to the minimum distance. In com-
parison, Ying et al. [7] proposed a quadratic reward function
based on the minimum distance, which can better balance
obstacle avoidance against action exploration. However, these
methods idealistically assume that the minimum distance can
be accurately and efficiently obtained, while in practice, it
requires the geometry of all the objects, sufficient sensors,
and complex analyses.

Secondly, current DRL methods exhibit limitations in their
exploration and decision-making capabilities, leading to inef-
ficient and unstable training performance [7]. Regarding the
exploration, most DRL algorithms, such as DDPG and TD3,
produce only a single action based on the current state and

then explore only once by adding a random noise. However,
the single-action approach in exploration causes a lack of
diversity and scalability, and the randomness may even worsen
the performance of the original action. To enhance exploration,
previous studies have introduced a multi-actor structure to
generate multiple action candidates [7], [23]. However, it
also made the process more inefficient. Similarly, regarding
decision-making, there might be prejudice when the values of
actions are estimated by only a single critic. To address this
issue, an extensive evaluation architecture has been proposed,
where multiple critics are integrated to decide the optimal
action in a more unbiased way [23], [24]. Nevertheless, the
critic networks typically exhibit poor performance during early
training stages, leading to unsatisfactory value evaluation.

Thirdly, data acquisition and utilization pose significant
challenges to deploying DRL algorithms. While DRL does
not necessitate labeled datasets, policy optimization still relies
on large-scale data obtained by random interaction without
specific directions. Thus, it is difficult for DRL to optimize
the current policy efficiently unless ample high-quality data
have been obtained [7]. The phenomenon is more severe in the
early training stage, as the networks have not been sufficiently
trained. Regarding the problem, prioritized experience replay
has been leveraged to make full use of the data with relatively
higher quality [25], [26]. However, as a technique for DRL
with sparse reward, its effect can be limited if the reward is
dense [8]. Ying et al. [9] improved the learning efficiency
by sampling data with high reward in priority, but ranking
large-scale data greatly increases the computational costs.
Previous studies have also used expert demonstrations to
provide high-quality data, which are beneficial to the training
of DRL [8], [25]. Nevertheless, acquiring substantial expert
data requires extensive manual effort, while a small number
of demonstrations may have a very limited effect on training
DRL policies.

B. Contributions and Organizations of the Article

In response to the above discussions, this article proposes a
universal paradigm for collision-free robotic motion planning
based on DRL, named URPlanner. URPlanner has several
intriguing advantages over existing DRL-based methods. First,
we use parameterized space to represent the environment,
which makes URPlanner platform-agnostic and highly cost-
effective in both training and deployment. Second, the trained
policy can be directly applied to robots in simulators or the real
world without requiring fine-tuning. This is possible because
both policy training and trajectory generation use the real
robot’s kinematic parameters in the parameterized space.

The definition of some critical terms in this article is given
as follows:

1) platform-agnostic: in our manuscript, we assume static
obstacle layouts, and the term platform-agnostic refers specif-
ically to two aspects: (i) the training of our motion planning
scheme is independent of interaction with any specific sim-
ulated or real-world robotic platform, owing to the proposed
parameterized task space; and (ii) the motion planning policy
trained in the parameterized task space can be applied to the
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corresponding task scenario built on any simulated or real-
world platform.

2) universal: the term universal means that the proposed
URPlanner can, in theory, be applied to train any manipulator
in any given task scenario. However, the Denavit-Hartenberg
parameters of the manipulator and the radii of the cylinders
encapsulating the links should be provided.

The main contributions of this article are:
1) A universal obstacle avoidance reward (UOAR) is de-

signed. The reward is dense, independent of minimum dis-
tance, and can be easily calculated. To achieve this, we first
build a parameterized environment where the obstacles and
manipulator are represented by the composition of bounding
boxes and line segments, respectively. Then, the overlap of
each line segment with each bounding box is inferred as the
UOAR. Finally, it is combined with a pose reward to solve
the general robotic motion planning problem based on DRL.

2) An augmented policy exploration and evaluation (APE2)
algorithm is proposed. APE2 can be applied to various DRL
algorithms, reinforcing their exploration and decision-making
capabilities. It generates diverse action candidates under every
state by enhanced action exploration. Then, a hybrid policy
evaluation approach considering both immediate and long-
term environmental feedback is proposed, which provides a
more accurate and comprehensive evaluation throughout the
training process.

3) An expert data diffusion (ED2) strategy is proposed,
where abundant expert data are autonomously generated to
facilitate the policy learning of DRL. First, a diffusion model
is exploited to produce a large-scale trajectory dataset from
only a few demonstrations, minimizing the need for manual
participation. Then, two different methods for integrating the
dataset with DRL are explored and compared: one creates a
synergy between behavior cloning (BC) and DRL, while the
other directly utilizes the dataset to supply additional high-
quality samples for policy optimization.

The rest of this article is organized as follows: Section II
formulates the motion planning problem. Section III describes
the details of environment parameterization and the proposed
UOAR. Section IV introduces the proposed APE2 algorithm.
Section V presents the design of ED2. Section VI summarizes
the overall implementation of URPlanner. In Section VII,
various experiments are conducted and discussed. Section VIII
presents further discussions on the universality of URPlanner,
its generalization across different scenarios, the strategies for
providing demonstrations to ED2, and some extensions of
URPlanner. Finally, some conclusions are given in Section XI.

II. PROBLEM FORMULATION

In this section, we present a general definition of collision-
free motion planning problems based on DRL.

For manipulators, a motion planning problem is to find
a sequence of collision-free robot configurations represented
as waypoints and the corresponding joint angles [27]. The
problem can be formulated as a Markov decision process. At
time step t, the agent captures the state st (such as the target
pose) of the environment and takes an action at (such as the

joint rotations). The interaction transits the state to st+1, and
a reward rt is obtained as the environmental feedback.

By defining the motion planning of manipulators as a
Markov decision process, DRL algorithms can be employed
to learn an optimal policy π∗ by maximizing the future
cumulative reward Gt

Gt = rt + ξrt+1 + ξ2rt+2 + · · ·+ ξn−trn

= rt + ξGt+1 (1)

where ξ is a discount factor. Gt, also known as the long-term
return, represents the cumulative reward an agent expects to
receive over time, starting from the current state and following
a given policy. In DRL, the Q-value produced by the critic
network serves as an estimate of the long-term return.

In comparison to [7], we remove the minimum distance
information from st to make it more general and practical

st = [qt,pT,pG,∆p,∆o, D] (2)

qt is the configuration (i.e. joint angles) of the manipulator.
pT and pG are the pose of the manipulator’s tool center
point and the goal, respectively. ∆p = [∆x,∆y,∆z] and
∆o = [∆α,∆β,∆γ] are the position and orientation deviation
between the tool center point and the goal, respectively. D is a
Boolean variable that equals one when the pose of tool center
point is within the allowable errors.

Unlike previous studies that learn the translation and rota-
tion of a manipulator’s tool center point for motion planning
[16], [17], [28], we let the manipulator directly learn sequential
rotations of its joints to bypass IK. Hence, at is defined as

at = [∆q1,∆q2, · · · ,∆qi] (3)

where ∆qi is the angular increment of joint i.

III. SPACE PARAMETERIZATION AND REWARD SHAPING

In this section, the task space for robotic motion planning
is parameterized, with obstacles and robot manipulators de-
scribed by mathematical models. A UOAR independent of
minimum distance information is designed and combined with
pose rewards based on the parameterized space.

A. Task Space Parameterization

As shown in Fig. 1, the spatial occupancy of an obstacle
with arbitrary geometry can be approximated using one or
more axis-aligned bounding boxes (AABBs) [26]. For irreg-
ularly shaped obstacles, we recommend using multiple boxes
to better approximate their spatial occupancy and minimize
unnecessary reserved space. The space enclosed by AABB can
be expressed by a point set defined as Box = {(x, y, z) | x ∈
[xmin, xmax], y ∈ [ymin, ymax], z ∈ [zmin, zmax]}.

For a given manipulator, define Oi as the coordinate origin
of joint i. The geometric relationship between Oi and Oi−1

can be represented by Denavit-Hartenberg (DH) parameters:
link length ai, link twist αi, link offset di, and joint angle qi.
Based on the DH parameters, the homogeneous transformation
matrix between two adjacent joints is defined as

T i−1
i = Rot(αi)Trans(ai)Rot(qi)Trans(di) (4)
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Fig. 1. Schematic diagram of the parameterized space and reward calculation.
The manipulator is represented as line segments encapsulated by cylinders,
while the obstacles are modeled as expanded bounding boxes, incorporating
the cylinder’s radius along with a safety offset. UOAR is designed based
on the overlap length between the line segments and bounding boxes. This
reward encourages the DRL agent to learn collision-free motion planning by
minimizing the overlap length, thereby ensuring safe and efficient trajectories.

Further, defining the robot base coordinate as the world
coordinate system, the pose of joint i can be computed by

T 0
i = T 0

1 T
1
2 · · ·T i−1

i =

[
R0

i P 0
i

0 1

]
4×4

(5)

where R0
i and P 0

i = [x0i , y
0
i , z

0
i ]

T describe the orientation and
position of joint i in the world coordinate system, respectively.

Defining pi(x
0
i , y

0
i , z

0
i ) as the coordinates of joint i in the

world coordinate system, each link of the manipulator can be
simplified and parameterized as a line segment si enclosed by
a cylinder with a radius ar, denoted as

si−1
i = pi−1 +

−−−−→pi−1pi · λ, 0 ≤ λ ≤ 1 (6)

The parameterized model of any given manipulator can be
easily obtained according to its DH parameters. The parameter
can be manually modified if necessary so that the links can be
evenly encapsulated by cylinders. Additionally, some adjacent
link pairs (such as links 1 and 2, links 3 and 4, links 5 and
6, and links 7 and 8 of the KUKA LBR iiwa robot or Franka
Emika Panda robot) can be consolidated into a single link.

Finally, as shown in Fig. 1, by expanding the bounding
boxes to include the radius ar of the simplified robot model
and a safety offset ao, the whole collision-free motion planning
problem for manipulators can be transformed into ensuring
that the line segments avoid intersections with the expanded
bounding boxes during motion. Here, ao establishes a buffer
zone between the manipulator and surrounding obstacles. This
approach aligns with the principles of clearance-based motion
planning, which aims not only to prevent collisions but also to
maintain a safe distance from obstacles throughout the motion.

Remark 1: The parameterized task space offers significant
advantages for DRL-based motion planning. First, it enables
efficient calculation of overlaps between the manipulator and
obstacles, facilitating the design of the proposed UOAR, which
is independent of the minimum distance. Second, it allows any
required information for motion planning to be analytically
computed. This feature makes URPlanner platform-agnostic
and highly cost-effective in both training and deployment
compared to existing methods [5], [7]–[9], [26].

B. Universal Obstacle Avoidance Reward (UOAR)

Given a parameterized link s defined by Eq. (6), its starting
point and ending point in the world coordinate system can
be determined using the transformation matrix T 0

i from Eq.
(5). Let TBox

0 denote the homogeneous transformation matrix
that maps the world coordinate system to the bounding box’s
coordinate system. Using TBox

0 and T 0
i , the coordinates of

the starting and ending points in the bounding box’s coordi-
nate system, represented as ps(xs, ys, zs) and pe(xe, ye, ze),
respectively, can be obtained by multiplying TBox

0 with T 0
i .

For a bounding box with six planes, the intersections of
the line (on which the segment lies) with the two planes
perpendicular to the x axis can be represented as ps+

−−→pspe ·λ
with the corresponding values of λ. Representing the two
planes as x=xmin and x=xmax, λ can be solved by

λnearx = min(
xmin − xs
xe − xs

,
xmax − xs
xe − xs

)

λfarx = max(
xmin − xs
xe − xs

,
xmax − xs
xe − xs

)
(7)

The intersections with the planes perpendicular to y and z axes
can be solved using the same logic, respectively.

If the line segment intersects with the given bounding box,
the following condition must be satisfied

max(λnearx , λneary , λnearz , 0) ≤ min(λfarx , λfary , λfarz , 1) (8)

The method described by Eqs. (7) and (8) has been broadly
adopted to detect collisions in previous studies, such as [29].
However, based on the collision information, only a sparse
reward function can be designed, such as assigning a reward of
zero when a collision is detected [5], [21]. Such sparse rewards
often hinder the efficiency of the policy learning process. In
cases where no collisions are detected, prior studies like [26]
and [30] have proposed calculating the minimum distance
between the obstacle and the robot to design a dense reward.
This approach provides more informative guidance, but is
often computationally expensive. In this work, we demonstrate
that the overlap length between line segments and expanded
bounding boxes can be leveraged to design a dense reward that
effectively guides the learning of obstacle avoidance policies
while maintaining computational efficiency.

When the link s intersects with the bounding box, λnear =
max(λnearx , λneary , λnearz , 0) and λfar = min(λfarx , λfary , λfarz , 1).
Then, the length of the overlapping part of the link is

l = |λfar − λnear| ·
∣∣−−→pspe

∣∣ (9)

For a parameterized task space containing G bounding
boxes (representing the obstacles) and J line segments (rep-
resenting the manipulator), let ljg represent the overlapping
length between line segment j and bounding box g, and Lj

represent the length of line segment j. Then, the proposed
UOAR is defined as

rUOAR = −
∑J

j=1

∑G
g=1 ljg∑J

j=1 Lj

(10)

Remark 2: Compared with existing DRL-based collision-
free motion planning methods, the proposed UOAR transforms
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Fig. 2. Framework of the APE2 algorithm. For each state, APE2 efficiently
generates a large pool of action candidates through enhanced action explo-
ration. During hybrid policy evaluation, the combination of the average Q-
value from multiple critics, QLTR, and the immediate return, RIR, ensures a
more accurate and comprehensive assessment throughout the training process.
The agent then executes the action candidate with the highest evaluated value.

the complex problem of calculating minimum distances into
a simpler problem of avoiding overlaps with the bounding
boxes. This makes the training process highly cost-effective
and enhances the generalization capability across obstacles
with various geometries.

To calculate the pose reward, the tool center point’s pose
(RT and PT) can be inferred by Eq. (5). RT is converted
to the corresponding Euler angles with respect to the goal,
denoted as (αG

T , β
G
T , γ

G
T ). Define ep =

∣∣−−−→pTpG

∣∣ and eo =
|αG

T |+ |βG
T |+ |γGT | as the position error and orientation error,

respectively. Note that both errors are normalized. Then, the
pose reward is defined as

rpose = −(ep + eo) + ϕaux + ϕG (11)

where ϕG equals one if ep and eo are within allowable ranges,
indicating the tool center point has reached the goal. ϕaux is
an auxiliary reward designed to further reduce the pose error.
The setup of ϕaux follows the equations (12) and (13) in [9].

Finally, the integrative reward considering both obstacle
avoidance and pose control can be defined as

r = rpose + ζrUOAR (12)

where ζ is a weight coefficient.

IV. AUGMENTED POLICY EXPLORATION AND
EVALUATION (APE2) ALGORITHM

In this section, the detailed implementation of the proposed
APE2 algorithm is introduced.

A. Enhanced Action Exploration

In DRL, a mapping from st to at is created by the
online actor µ with network parameter θµ. Algorithms based

on deterministic policy gradient, such as DDPG and TD3,
produce only a single action at given the current state st

at = µ(st; θ
µ) (13)

As shown in Fig. 2, to improve policy exploration, at
each state, the APE2 algorithm adopts an enhanced action
exploration strategy to efficiently generate an action set At =
{at,at

(σm,n)|1 ≤ m ≤ M; 1 ≤ n ≤ N;m,n ∈ Z} with
diverse and large-scale action candidates

at
(σm,n) = at +N (0, σ2

m) (14)

where σ2 is the Gaussian variance, M represents the number
of different Gaussian noises with diverse scales of variance.
N means the number of times the original action at has been
explored under each noise.

Remark 3: Deterministic policy gradient-based algorithms
can effectively reduce the sample scale compared with stochas-
tic policy-based ones [8], [31]. However, they show limited
capacity for exploring the policy. To improve this, algorithms
like DDPG add a random noise to the original action at.
However, it does not increase the quantity of available actions,
and the randomness may even worsen the performance of the
original action. In comparison, by performing enhanced action
exploration, the proposed APE2 algorithm can efficiently
explore a total number of M × N + 1 action candidates for
the agent to select.

B. Hybrid Policy Evaluation

Since the enhanced action exploration provides multiple
actions for APE2, it is essential to evaluate and select the
optimal one for the agent to execute. The hybrid policy
evaluation strategy in the proposed APE2 algorithm consists
of both the Q-value, which emphasizes long-term return and
the reward, which emphasizes immediate return.

As shown in Fig. 2, the proposed hybrid policy evaluation
adopts multiple critics for policy evaluation, and all the es-
timated Q-values are equally considered. Assuming K is the
number of critics, the integrative Q-value QLTR is defined as

QLTR =
1

K

∑K

k=1
Qk(st,at; θ

Q
k ) (15)

where θQk (k = 1, 2, · · · ,K) is the parameter of each online
critic network Qk. In practice, K can be any positive integer.
The impact of different values of K on APE2 will be analyzed
in the experiments.

Remark 4: Compared with DDPG, which has only one
critic, TD3 and SAC calculate two Q-values by two critics
but use only the minimum one for policy evaluation and
optimization. Although this approach can prevent the overes-
timation problem, it assumes that the lower Q-value is always
more accurate. Such a policy evaluation considering only a
single Q-value could still result in a significant bias. For a
DRL agent with multiple critics in a designated task, although
the critics have different initial parameters, they share the
same optimization target and will converge to near-identical
parameters as they approach optimal performance. However,
during early training stages, the Q-values they produce can
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vary significantly, and identifying the most accurate one is
challenging without a reference, such as a well-trained critic
in the designated task. In this context, compared with favoring
and relying solely on a single Q-value, our APE2 algorithm
considers the average performance of multiple critics and uses
the average Q-value of them to mitigate the bias introduced
by any single critic similar to the approach in [24].

Besides QLTR, APE2 also incorporates the immediate return
RIR as part of the policy evaluation

RIR =
∑H

h=1
rt−1+h (16)

where t is the current time step. H is the horizon, indicating
the number of time steps over which the reward is considered.

It is worth noting that the proposed parameterized environ-
ment allows for the efficient calculation of rewards without
real interaction with a simulated or real-world platform. Since
the obstacles and the robot are described using mathematical
models, including kinematic and spatial geometric equations,
both the resulting state s′ and the reward r can be computed
analytically for any given state-action pair (s,a).

Considering both the long-term and immediate returns, the
proposed hybrid policy evaluation is defined as

VHPE =
[
η
∣∣ 1− η

][
QLTR

∣∣ RIR

]T
(17)

where η = clip(tc/T, 0, 1). tc is the cumulative number of
policy optimization, and T is a constant. η is clipped to [0,1].

The proposed APE2 algorithm evaluates each action candi-
date in At by the hybrid policy evaluation, and the optimal
action is defined as

āt = argmax
a∈At

VHPE

∣∣
st,at

(18)

Remark 5: Although QLTR provides a more unbiased,
long-term return for policy evaluation as reported in [23],
[24], the estimation is quite inaccurate in the early training
stages due to insufficient training. In contrast, RIR is accurate
but shortsighted, focusing merely on the immediate return
the agent receives in H time steps from the current time
step. According to Eq. (17), APE2 leverages the immediate
return RIR to provide a more accurate evaluation during the
initial training phase. As training proceeds, the weight of RIR

decays to zero, transitioning the evaluation to rely solely on
QLTR. Hence, APE2 provides a more accurate and holistic
evaluation throughout the training process. While a larger H
can make RIR closer to the long-term return, it also increases
computational overhead. In practice, setting a small H and let
it provide an accurate evaluation in the early training stage is
sufficient, since the critics progressively learn to approximate
the long-term return defined in Eq. (1) as training proceeds.
Moreover, APE2 allows efficient generation of diverse action
candidates by Eq. (14), which enhances the exploration ability
compared to the multi-critic algorithm in [24].

C. Network Training

Given an interaction data (s,a, r, s′), the temporal differ-
ence error [7] of each online critic in APE2 is defined as

Lk = r + ξQ′
k

(
s′, µ′(s′; θµ′)

|θQ
′

k

)
−Qk

(
s,a|θQk

)
(19)
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Fig. 3. Frameworks of the ED2 model and two expert data utilization methods.
Given a target area, the ED2 model can be efficiently trained using a very
limited set of expert demonstrations. The trained model can generate a large
number of novel trajectories. The generated expert data can be utilized in two
ways: the hybrid policy method creates a synergy between behavior cloning
and DRL but may not yield optimal trajectories, while the data compensation
method enhances DRL training and ensures learning optimal policies.

where θQ
′

k is the parameter of the target critic network Q′
k.

θµ
′

is the parameter of the target actor network µ′.
Based on Eq. (19), the proposed APE2 optimizes each

online critic Qk by the hybrid loss LH,k defined as

LH,k = ω1L
2
k +

(1− ω1

K

∑K

k=1
L2
k

)
+ ω2(∆Q)2 (20)

where ω1 and ω2 are the weight coefficients. (∆Q)2 = (Qk−
QLTR)

2 is an auxiliary punishment that limits the difference
among multiple critics [23].

The proposed APE2 optimizes the online actor µ by

∇θµJ ≈ Eµ

[
∇aQLTR∇θµµ

(
s; θµ

)]
(21)

Additionally, the target actor µ′ and each target critic Q′
k

are optimized by soft update [9].

V. EXPERT DATA DIFFUSION AND UTILIZATION

In this section, we discuss how a diffusion model is
leveraged to generate a large-scale trajectory dataset from
very limited human demonstrations. Then, two methods for
utilizing the diffused dataset are explored to train a robust
motion planning policy.

A. Expert Data Diffusion (ED2) from Limited Demonstrations

As shown in Fig. 3, the diffusion model ϵθ of ED2
transforms a trajectory τ from the initial data distribution
τ0 ∼ q(τ0) into white Gaussian noise by running a Markovian
forward diffusion process

q(τt|τt−1, t) = N (τt;
√

1− βtτt−1, βtI) (22)

where t ∼ U(1,ND) is the diffusion time step with uniform
distribution U , βt is the noise scale at time step t [32], and
ND is the number of diffusion steps. The value of ND is
determined empirically based on the trajectory length of the
expert demonstrations. Assuming the data τ0 lives in Euclidean
space, the distribution of the diffusion process at time step t
is Gaussian and can be written in closed-form as

q(τt|τ0, t) = N (τt;
√
ᾱtτ0, (1− ᾱt)I) (23)
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with αt = 1− βt and ᾱt =
∏t

i=1 αi. This allows sampling τt
without running the forward diffusion process [32].

The inverse (denoising) process of the proposed ED2 trans-
forms Gaussian noise back to the data distribution through a
series of denoising steps p(τt−1|τt, t). ED2 approximates this
posterior distribution with a parametrized Gaussian

pθ(τt−1|τt, t) = N (τt−1;µt = µθ(τt, t),Σt) (24)

For simplicity, only the mean of the inverse process is learned,
and the covariance is set to Σt = σ2

t I = β̃tI, with β̃t =
βt(1 − ᾱt−1)/(1 − ᾱt). Ho et al. [32] suggested that, rather
than directly learning the posterior mean, the noise term ϵ
could be learned instead via a simplified loss function

L(θ) = Et,ϵ,τ0 [∥ϵ− ϵθ(τt, t)∥2] (25)

with t ∼ U(1,ND), ϵ ∼ N (0, I), τt =
√
ᾱtτ0+

√
1− ᾱtϵ, and

τ0 ∼ q(τ0). We encode the diffusion model over trajectories
with a temporal U-Net [33], which has proven to be a
reasonable architecture for diffusion models over trajectories.

Remark 6: Algorithm 1 presents the pseudocode for training
the proposed ED2 model using a very limited set of collision-
free trajectories obtained by an expert agent. Due to the
small sample size, the training process is highly efficient. The
trained model is capable of generating a large number of novel
trajectories without the necessity of environmental exploration.
Although these trajectories are non-optimal, they enable the
manipulator to move to various poses within the designated
workspace. Moreover, by leveraging the non-optimal dataset,
DRL can explore and learn an optimal motion planning
policy more efficiently. Compared to existing methods that
purely rely on human demonstrations [8] or traditional motion
planners [5] to obtain substantial expert data, our method
significantly reduces manual effort and offers better stability.

Algorithm 1: Training the ED2 Model.

1 Collision-free trajectories D, Diffusion model ϵθ,
noise schedule terms ᾱt;

2 while training is not finished do
3 Sample a batch of trajectories:

τ0 ∼ D, ϵ ∼ N (0, I), t ∼ U(1,ND);
4 Compute the diffusion loss function:
5 τt =

√
ᾱtτ0 +

√
1− ᾱtϵ;

6 L(θ) = ∥ϵ− ϵθ(τt, t)∥2;
7 Gradient update.

With the safety of the provided demonstrations assured, ED2
can be effectively trained to generate collision-free trajectories.
The parameterized space verifies the trajectories generated by
ED2 according to Eqs. (7) and (8), ensuring that only collision-
free trajectories are utilized. The trajectory τE generated by the
trained ED2 model ϵθ′ are converted to ψ(s,a, r, s′) format
and stored in the expert memory (EM). This process is very
efficient using our parameterized task space. We then explore
and compare two methods for utilizing the diffused dataset.

B. Synergizing BC and DRL for Motion Planning

In existing works, a popular approach to facilitate DRL
training is the formation of a hybrid policy by combining
DRL with behavior cloning [25], [34]. As shown in Fig. 3,
a BC model µBC(st, θ

µ
BC) is developed to learn the mapping

between state-action pairs at time t (i.e., how st maps to
at) based on the diffused dataset generated by the proposed
ED2 model. The loss function is defined as LBC =

(
aE −

µBC(sE; θ
µ
BC)

)2
, where (sE,aE) is the labeled action-state

pair stored in EM. Since the diffusion step of ED2 is ND, the
generated expert trajectory consists of ND joint configuration
sequences. Hence, the BC model trained from these trajectory
data can only plan motions with fixed ND steps.

For the first ND steps, the action is generated by a hybrid
policy wherein the BC model functions as the base policy, and
the DRL model serves as the residual policy with a weight φ

at = π (st) = µBC(st, θ
µ
BC) + φāt (26)

The weighted sum shown in Eq. (26) is a common approach
to form a hybrid policy [25], which can create a synergy
between BC and DRL. The weight φ should be relatively
small. In the hybrid policy, BC provides a base policy to ensure
a reasonable performance from the outset, while DRL uses
actions with small amplitudes to refine the actions suggested
by the base policy, making it more robust to noise disturbances.
With the inclusion of the base policy, the tool center point
is positioned near the random target after the first ND steps.
Thus, we define at = φāt for subsequent steps, as using
smaller actions allows the agent to effectively explore around
the target area and learn to reach the randomly assigned target
points. Additionally, DRL endows the agent with the ability
to keep the tool center point within allowable errors after it
reaches the target, even without a termination signal.

C. Diffused Expert Data Compensation Mechanism

Although the hybrid policy proposed in Section V-B can
improve both BC and DRL models, its motion planning
performance still largely depends on the quality of the demon-
strations. Given that neither the human demonstrations nor the
diffused dataset are optimal, the hybrid policy often falls short
in planning an optimal trajectory.

As shown in Fig. 3, instead of directly cloning the behavior,
another popular method is adopting an expert data compen-
sation (DC) mechanism [7], [8], [35] in which the batch data
for training DRL agent are sampled from both the interaction
memory (IM) pool, which stores the interaction data, and the
EM, which stores the diffused expert data. Define BIM as the
size of data sampled from IM

BIM = B −BEM (27)

where B is the batch size. When the number of interaction data
collected in IM is fewer than B, the value of B is adjusted to
match the total number of interaction data available. BEM =
clip(⌊t/TB⌋, 0, Bmax

EM ) is the size of data sampled from EM,
and TB is a constant. Unlike the approach in [35], where BEM

is set as a constant, we allow BEM to increase progressively
from zero to a maximum value as training proceeds. This is
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Fig. 4. Overall framework of URPlanner. The proposed URPlanner consists
of three modules: a DRL module where APE2 is applied, an environment
module for the parameterized space and reward calculation, and an efficient
policy learning module for deploying the ED2 model.

to balance BEM with BIM, as there is limited interaction data
collected at the beginning of training.

While the agent continuously uses interaction data to update
the policy, the proposed DC mechanism gradually supplies
additional high-quality data. It is worth noting that although we
ensure that the trajectories generated by ED2 are collision-free,
the quality of the data in EM does not affect DRL in learning
optimal policies. This is because the core capability of DRL
models lies in learning optimal planning through experience
data in both EM and IM, with the latter constantly providing
new interaction data. Previous studies [35] have demonstrated
that either small number of high-quality expert demonstra-
tions, or even low-quality but high-coverage demonstrations,
can accelerate DRL training. Consequently, compared to the
hybrid policy, DC mechanism not only accelerates the policy
searching and learning process of DRL but also ensures that
the agent can learn optimal policies, since the action is no
longer restricted by BC.

VI. OVERALL IMPLEMENTATION OF URPLANNER

In this section, the overall framework of our URPlanner
is introduced, which integrates the proposed parameterized
space, UOAR, APE2 algorithm, and ED2 model.

As shown in Fig. 4, the proposed URPlanner consists of
three modules: a DRL module where APE2 is applied, an
environment module for the parameterized space and reward
calculation, and an efficient policy learning module for de-
ploying the ED2 model. Before training APE2, a certain
number of expert trajectories are generated by ED2, converted
to (s,a, r, s′) format, and stored in the EM. If using the
hybrid policy, a BC model is trained based on the expert data.
Algorithm 2 provides an overall flow of the URPlanner.

VII. EXPERIMENTAL RESULTS

In this section, the APE2 algorithm, UOAR, and ED2
strategy of the proposed URPlanner are experimentally ver-

Algorithm 2: Overall implementation of URPlanner.

1 Initialize APE2 with an actor and K critics;
2 Initialize IM and EM, and fill up EM by ED2;
3 if use hybrid policy then
4 Train a BC model µBC based on EM;

5 for each episode do
6 Randomly reset the environment.
7 for each time step t do
8 Generate a raw action at by Eq. (13);
9 Explore an action set At by Eq. (14);

10 Estimate the value VHPE by Eq. (17);
11 Select the optimal action āt defined by Eq.

(18);
12 if use hybrid policy then
13 Execute action by Eq. (26);

14 else: Execute āt;
15 Calculate the reward rt by Eq. (12);
16 Store (st, āt, rt, st+1) to IM;
17 if use data compensation mechanism then
18 Sample B data from IM and EM;

19 else: Sample B data from IM only;
20 Update online networks by Eqs. (20)-(21);
21 Soft update target networks;
22 if the task is implemented then
23 Break.

ified against various state-of-the-art methods. We then com-
pare URPlanner with existing learning-based and traditional
planners. It is important to note that URPlanner is trained
in the proposed parameterized space. In environments with
static obstacle layouts, this parameterized space enables all
necessary information for policy training, such as the resulting
state and reward after executing an action, to be computed
analytically without interacting with a simulated or real-world
robot platform.

A. Experimental Setups

The experiments in this section are conducted based on the
task scene shown in Fig. 5. The aim is to train a motion
planning policy for a 7-DoF Franka Emika Panda robot,
enabling it to reach randomly given goal poses above the table
without any collision. The algorithms are trained on a laptop
equipped with AMD Ryzen 9 5900HX CPU @ 3.30GHz and
32.0GB RAM, with the main parameters shown in Table I. The
network architecture for the actor and behavior cloning is state
dimension×256(ReLu)×256(ReLu)×action dimension(Tanh).
The network architecture for the critics is state+action di-
mension×256(ReLu)×256(ReLu)×1. The dimension of state
and action varies for manipulators with different DoFs. The
structure of the U-Net in ED2 model can be found in [33].
The generated trajectory, represented as joint configuration
sequences, is transmitted to the Franka robot via MoveIt,
which subsequently sends actuation commands to the robot’s
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TABLE I
PARAMETER SETUPS

Parameter Value Parameter Value Parameter Value
learning rate 1e-3 ζ 1 ω1 0.6

memory capacity 6e4 M 2 ω2 0.1
soft update rate 0.01 N 3 ND 80

B 64 T 2e5 φ 0.1
ξ 0.98 H 1 TB 2e3

TABLE II
TRAINING PERFORMANCES OF DDPG ALGORITHM WITH DIFFERENT

OBSTACLE AVOIDANCE REWARDS

Success Rate Per 250 Episodes (%) Execution Time (s)

1-250 251-500 501-750 751-1000 per 300 steps

CAR 0.0 0.0
0.0 0.0 0.0

0.0 32.3 77.2
0.0 95.8 99.6

88.8 72.40 73.86
71.76

COR 0.0 0.0
0.0 6.1 18.0

0.0 46.6 66.4
0.8 86.4 96.0

79.2 72.11 72.64
71.60

PLR 0.0 0.0
0.0 0.0 0.0

0.0 49.1 76.0
26.0 99.0 99.6

98.4 9.351 9.526
9.119

UOAR 0.0 0.0
0.0 0.0 0.0

0.0 56.3 78.0
33.2 96.4 98.8

94.4 0.776 0.785
0.768

Annotation: The data are in the format of meanmax
min . The success rate

over a given episode interval [a, b] is defined as c/(b− a+ 1)× 100%,
where c represents the number of episodes in which the agent successfully
completes the task. This metric reflects how fast the agent finds and learns
a stable policy for completing the given task. The execution time counts
in all the necessary procedures for a complete interaction between the
agent and the environment, including the time for state observation, action
calculation and execution, reward calculation, as well as communication.

TABLE III
QUANTITATIVE AND QUALITATIVE ANALYSES OF DIFFERENT OBSTACLE

AVOIDANCE REWARDS

CAR COR PLR UOAR

Testing
success rate 100.0% 100.0% 100.0% 100.0%

Trajectory length 1.1741.2031.136 1.1031.1171.086 1.1861.2141.169 1.0531.0721.036

Minimum distance
independent × × × ✓

Platform-agnostic × × ✓ ✓

Efficiency very low very low high very high
Practical value normal normal high very high

Annotation: The testing success rate is calculated based on 50 trials. The
trajectory length is in the format of meanmax

min . The practical value evaluates
the time cost and effectiveness in real-world applications.

joints. To control the robot’s speed, the maximum velocity and
acceleration scaling factors are set to 0.25.

B. Training Performance Evaluation

1) Evaluation of UOAR: Firstly, we compare the training
performance of the proposed UOAR with other obstacle avoid-
ance rewards reported in recent research. For each method,

we substitute only Eq. (10) of UOAR by other obstacle
avoidance rewards. Referring to Eqs. (16)-(18) in [7], COR is
a quadratic function based on the precise minimum distance
(MD) between the manipulator and obstacles, consisting of an
attraction component and a repulsive component. CAR is a
linear function proportional to the MD, which was proposed
in [22] and modified in [7]. Its setup can be found in Eq. (21)
of [7]. Both methods have been proven effective in collision-
free robotic motion planning. In [7], COR and CAR are non-
platform-agnostic methods, and the DRL agent is trained on
CoppeliaSim.

It is worth noting that MD can also be approximately
obtained in the proposed parameterized space through proper
abstraction. This allows MD-based approaches, such as CAR
and COR, to be designed in a platform-agnostic manner. Prior
studies like [26] and [30] simplified the acquisition of MD by
calculating the distance between an obstacle’s centre point and
the manipulator’s link. Based on this, they introduced a centre-
point-to-line reward to learn obstacle avoidance. However, this
method oversimplifies obstacles by modeling them as mass
points, leading to a significant loss of spatial information.
As a result, it struggles to handle the complex task scenarios
addressed in our work. Thus, we make some improvements to
it and design a points-to-line reward (PLR). PLR refines the
bounding box representation by subdividing its surface into
multiple points at equal intervals. The MD is then calculated
by identifying the shortest distance between all points on
the bounding box and the manipulator’s line segments. This
MD is used by PLR with the same reward function as CAR.
Both PLR and the proposed UOAR are platform-agnostic and
trained in the parameterized space.

In this experiment, DDPG is trained using different obstacle
avoidance rewards. As shown in Table II, we use the success
rate in training to reflect how fast the DRL agent with different
obstacle avoidance rewards finds and learns a stable policy for
completing the given task. Between the 1st to 750th training
episodes, the success rates (averaged over four random seeds)
of the four methods are relatively low, suggesting that the agent
has not yet learned a stable policy for completing the tasks and
requires further training. In contrast, between the 751st and
1000th episodes, the training success rates of CAR, PLR, and
UOAR reach nearly 100%, indicating that the policies have
converged to a desired state, and the training process can be
terminated.

Although COR achieves a success rate of 6.1% between the
251st to 500th episodes, compared to zero for the other three
reward functions, it performs slightly worse in the subsequent
training period. According to the success rates in Table II
and Fig. 6(c), PLR and the proposed UOAR exhibit similar
performance in learning a stable policy for completing the
tasks, and both of them slightly outperform CAR and COR.

Besides the efficiency in converging to a stable policy, we
also compare the execution time required for training across
different methods to evaluate their time cost. In this work, we
propose a DRL-based motion planning paradigm that is highly
cost-effective in both training and deployment. This efficiency
arises from the proposed parameterized space and the MD-
independent reward function, UOAR.
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Fig. 6. Training performances of DDPG algorithms based on different obstacle avoidance rewards. The shaded region and the error bar represent the standard
deviation of the average evaluation over four random seeds. (a) Episode reward. (b) Error variation. (c) Total training success rate.

First, our platform-agnostic method uses parameterized
space to represent the environment, enabling all necessary
information for training the DRL agent to be computed analyti-
cally. In contrast, existing DRL-based motion planners, such as
those in [5], [7]–[9], [11], [25], [26], rely on interactions with
specific simulated or real-world robotic platforms to obtain
training data. These methods incur significant time costs due
to communication between the agent and the platform to send
states and actions, and the waiting time for action execution
to retrieve the resulting state and reward. As shown in Table
III, CAR and COR are non-platform-agnostic methods, while
PLR and UOAR are platform-agnostic methods based on the
proposed parameterized space. Table II indicates that CAR
and COR take over 70 s to complete 300 interactions, whereas
PLR and UOAR require only 9.351 s and 0.776 s, respectively.
This substantial reduction in execution time demonstrates the
significant advantage of our platform-agnostic approach in
minimizing training time.

Second, the proposed UOAR strikes a balance between sim-
plifying reward calculations and preserving sufficient spatial
information about the manipulator and obstacles, while also
maintaining satisfactory training success rates. Existing DRL-
based planners rely heavily on computing the MD between
the robot and obstacles to calculate rewards, which is more
time-intensive. The PLR and UOAR in Table II provide a
fair comparison on the time cost for calculating rewards, as
both methods are trained in the parameterized space using the
same DRL algorithm, differing only in their reward calculation
methods. In the scenarios with four obstacles, PLR requires
9.351 s for 300 interactions, while UOAR requires only
0.776 s. This difference, stemming solely from the reward
computation process, underscores the advantage of UOAR
in significantly reducing the time cost of training. Moreover,
our method shows satisfactory scalability in terms of com-
putational efficiency. In the scenario with eight obstacles, the
execution time (for 300 interactions) increases to 0.799 0.824

0.786

s for UOAR and 16.87 17.04
16.54 s for PLR. In an environment

with sixteen obstacles, UOAR completes the same number of
interactions in 0.861 0.886

0.840 s, while PLR requires 32.77 33.36
32.45 s.

These results clearly show that as the number of obstacles
increases, the computational advantage of UOAR becomes
even more pronounced.

Additionally, more analysis of the four obstacle avoidance
rewards is provided in Table III. In conclusion, the pro-

posed UOAR demonstrates superior practical value than other
counterparts, as it is MD-independent, platform-agnostic, and
highly efficient in both training and deployment. Although
UOAR relies on certain abstractions of real-world environ-
ment, such as padding obstacle’s bounding box, it can be
seen that a proper expansion does not result in an increase
in trajectory length. In Section VII-C, more comparisons
regarding the quality of trajectories planned by these rewards
will be presented in real-world applications. In the subsequent
experiments, all the algorithms will be trained using UOAR
unless otherwise specified.

2) Evaluation of APE2: Secondly, the proposed APE2 algo-
rithm is applied to various DRL benchmarks, including DDPG,
TD3, and E3AC, to evaluate its superiority and universality.

DDPG is a typical DRL algorithm based on determinis-
tic policy gradient, which performs well in handling high-
dimensional and continuous spaces. However, it often exhibits
unsatisfactory learning efficiency and stability, especially in
complex tasks such as collision-free motion planning for
redundant manipulators. As shown in Table IV, the training
success rate is zero in the first 500 episodes. Although DDPG
successfully learns a policy to complete the tasks during the
501st to 1000th episodes, Figs. 7 (a)-(b) reveal that the policy
does not converge until approximately the 650th episode.
Specifically, episode rewards are a key metric for evaluating
the training performance of DRL, reflecting how effectively
the agent maximizes the reward signal over time. Notably,
the episode rewards for DDPG remain relatively lower than
those of its counterparts after convergence. Furthermore, sig-
nificant reward fluctuations are observed around the 750th and
900th episodes. While minor fluctuations are normal post-
convergence, substantial fluctuations often indicate instability
in training. To quantify this, we calculate the standard devia-
tion of episode rewards during training as a measure of reward
fluctuation (RF). The RF for DDPG (averaged over four seeds)
is 45.2 and is the largest among all compared methods.

By applying APE2 to DDPG, we create its APE2 variant,
which has only one critic (denoted as APE2:1C). Hence,
APE2:1C relies on a single Q-value to estimate the long-
term return. APE2:1C explores diverse action candidates by
Eq. (14), evaluates their values by the proposed hybrid pol-
icy evaluation, and executes the optimal one according to
Eq. (18). Compared to DDPG, APE2:1C achieves a success
rate (averaged over four random seeds) of 79.0% during
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Fig. 7. Training performances of different DRL algorithms with UOAR. The shaded region and the error bar represent the standard deviation of the average
evaluation over four random seeds. (a) Episode reward. (b) Error variation. (c) Total training success rate.

TABLE IV
TRAINING SUCCESS RATE AND STABILITY OF DIFFERENT DRL

ALGORITHMS

Success Rate Per 250 Episodes (%) Reward
Fluctuation

(RF)1-250 251-500 501-750 751-1000

DDPG 0.0 0.0
0.0 0.0 0.0

0.0 56.3 78.0
33.2 96.4 98.8

94.4 45.2 52.4
34.3

APE2:1C 2.5 10.0
0.0 79.0 99.2

56.0 99.4 100.0
98.8 99.0 100.0

98.0 39.4 44.8
36.3

TD3 0.0 0.0
0.0 0.2 0.4

0.0 74.2 92.4
37.6 98.8 100.0

96.8 44.4 49.7
39.7

APE2:2C 28.4 44.0
7.2 100.0 100.0

100.0 99.6 100.0
99.2 99.7 100.0

99.2 31.9 34.7
27.7

E3AC 0.0 0.0
0.0 40.4 94.0

0.0 90.5 100.0
62.0 99.2 99.6

98.8 34.1 40.1
27.5

APE2:5C 45.7 60.4
36.8 100.0 100.0

100.0 99.9 100.0
99.6 99.5 100.0

99.2 30.4 34.8
26.7

Annotation: The data are in the format of meanmax
min . APE:1C, APE2:2C,

and APE2:5C differ only in the number of critics (1, 2, and 5, respectively).
For a DRL algorithm, the RF represents the standard deviation of episode
rewards during training, capturing the extent of their fluctuations. A smaller
RF value indicates that the DRL algorithm is more stable in training.

TABLE V
TESTING SUCCESS RATE OF DIFFERENT DRL ALGORITHMS

DDPG APE2:1C TD3 APE2:2C E3AC APE2:5C

seen 100% 100% 100% 100% 100% 100%
unseen

(≤5 cm) 100% 100% 100% 100% 100% 100%

unseen
(5 to 10 cm) 60% 100% 58% 100% 96% 100%

Annotation: The testing success rate is calculated based on 50 trials. Two
regions along the y-axis are tested for unseen goal positions: the region
within 5 cm of the trained area, and the region 5 to 10 cm away from the
trained area. In each region, 50 new target poses are uniformly distributed.

the 251st-500th training episodes and converges around the
350th episode. Moreover, the average RF during training is
reduced to 39.4, indicating enhanced stability. As shown in
Fig. 7(a), the episode rewards are relatively stable after the
policy converges, further demonstrating the improved training
performance of APE2:1C compared to DDPG.

TD3 has two critics but uses only the minimum Q-value
for policy optimization, which can mitigate the overestimation
problem of DDPG. However, as shown in Table IV, although
the success rate (averaged over four seeds) during 501st-700th
training episodes improves by 17.9% compared to DDPG,
the total success rate throughout training remains signifi-
cantly lower than that of the three APE2 variants (APE2:1C,
APE2:2C, and APE2:5C). Furthermore, TD3 assumes that

the lower Q-value is always more accurate. Such a policy
evaluation considering only a single Q-value could still result
in a significant bias. Consequently, the RF of TD3 is very
close to that of DDPG. In contrast, the APE2 variant of
TD3, which employs two critics (denoted as APE2:2C), uses
both Q-values during policy evaluation, resulting in notable
training performance. As shown in Fig. 7(a) and Table IV, the
policy converges in approximately 250 episodes and maintains
a success rate of nearly 100% thereafter. Additionally, the RF
decreases to only 31.9, further demonstrating the stability and
effectiveness of the proposed policy exploration and evaluation
approach.

E3AC is one of the latest deterministic policy gradient-based
algorithms, utilizing five Q-values for more unbiased policy
evaluation. As shown in Table IV and Fig. 7(a), E3AC outper-
forms DDPG and TD3 in terms of success rate, convergence
speed, and stability, both of which rely on a single Q-value.
However, the total success rate throughout training remains
significantly lower than that of the three APE2 variants. This
limitation arises because, in the early stages of training, the
Q-value estimation by the critics is still inaccurate due to
insufficient training data and iterations. In contrast, the APE2
variant of E3AC, which incorporates five critics (denoted as
APE2:5C), achieves a 45.7% success rate during the 1st-250th
episodes. Moreover, it exhibits the lowest RF at only 30.4. This
outstanding performance can be attributed to the inclusion of
the immediate return RIR in policy evaluation, which enhances
accuracy during the early training stages.

Additionally, we evaluate the policies learned by the above
DRL algorithms by testing them with seen and unseen goal
poses after training is completed. As shown in Table V,
all algorithms achieve a 100% success rate for reaching 50
random goal positions within the trained target area without
collision. To assess generalization capabilities, two regions
along the y-axis are tested for unseen goal positions: the region
within 5 cm of the trained area, and the region 5 to 10 cm away
from the trained area. In each region, 50 unseen target poses
are uniformly distributed for evaluation. Results show that for
unseen goals within 5 cm of the trained area, all algorithms
maintain a 100% success rate. However, for unseen goals 5
to 10 cm away, benchmark algorithms such as DDPG and
TD3 exhibit a significant drop in success rates. In contrast, the
proposed APE2 algorithm, regardless of the number of critics,
consistently achieves a 100% success rate, demonstrating its
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Fig. 8. Comparison of the hybrid policy and data compensation mechanism in facilitating the training of E3AC algorithm. The shaded region and the error
bar represent the standard deviation of the average evaluation over four random seeds. (a) Episode reward. (b) Error variation. (c) Total training success rate.
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Fig. 9. Comparison of the hybrid policy and data compensation mechanism in facilitating the training of APE2 algorithm. The shaded region and the error
bar represent the standard deviation of the average evaluation over four random seeds. (a) Episode reward. (b) Error variation. (c) Total training success rate.

TABLE VI
TRAINING PERFORMANCES OF DIFFERENT DATA ACQUISITION AND

UTILIZATION METHODS

Success Rate Per 250 Episodes (%)

1-250 251-500 501-750 751-1000

E3AC 0.0 0.0
0.0 40.4 94.0

0.0 90.5 100.0
62.0 99.2 99.6

98.8

E3AC:BC 16.8 35.6
5.6 97.6 100.0

96.0 98.3 99.2
97.2 97.0 97.6

96.0

E3AC:DC-RL 48.6 50.8
45.2 99.9 100.0

99.6 99.5 99.6
99.2 99.6 100.0

98.8

E3AC:DC-ED2 40.2 42.8
36.8 99.9 100.0

99.6 99.3 100.0
98.4 99.8 100.0

99.2

APE2 45.7 60.4
36.8 100.0 100.0

100.0 99.9 100.0
99.6 99.5 100.0

99.2

APE2:BC 53.0 66.8
40.0 99.9 100.0

99.6 98.0 98.4
97.6 99.1 100.0

98.0

APE2:DC-RL 67.8 71.2
65.2 99.9 100.0

99.6 99.8 100.0
99.6 99.3 100.0

98.0

APE2:DC-ED2 63.7 66.8
61.2 99.9 100.0

99.6 99.8 100.0
99.6 99.4 99.6

99.2

Annotation: The data are in the format of meanmax
min . All the algorithms

achieve a 100% testing success rate based on 50 trials.

superior generalization ability.

Based on the above discussion, it can be concluded that
the proposed APE2 algorithm can effectively improve the
performance of various DRL benchmarks by enhancing policy
exploration and evaluation. According to Fig. 7, APE2:1C,
APE2:2C, and APE2:5C are the top three algorithms in terms
of training success rate. Their performances are relatively more
stable across different seeds as indicated by the narrower
shaded region representing the standard deviation. By further
comparing them, we observe that the training performance
improves with an increased number of critics. Therefore, we
use APE2:5C for subsequent experiments and simply denote
it as APE2.

3) Evaluation of ED2 and its utilization: Lastly, we conduct
a series of experiments to evaluate the impact of the diffused
dataset (containing 800 expert trajectories) generated by the
ED2 model on the training efficiency of DRL benchmarks.
As shown in Table VI, we perform a set of four experiments
based on both E3AC and APE2. In each set, E3AC:BC and
APE2:BC represent the hybrid policy discussed in Section
V-B, which creates a synergy between behavior cloning and
DRL. DC-ED2 and DC-RL represent the expert data com-
pensation mechanism discussed in Section V-C, where the
expert trajectory data in the expert memory are generated by
two sources: the proposed ED2 model (DC-ED2) and a well-
trained RL model (DC-RL). Thus, DC-RL contains optimal
trajectory data, whereas DC-ED2 includes non-optimal data.

From the perspective of efficiency to train a stable policy,
as shown in Table VI, both E3AC and APE2 have already
achieved satisfactory training success rates. By further combin-
ing a behavior cloning model trained using the diffused dataset
generated by ED2 to form a hybrid policy, E3AC:BC and
APE2:BC have promoted the success rate to 16.8% and 53.0%
in the first 250 training episodes, respectively. Compared to the
hybrid policy, the data compensation mechanism shows better
improvements in training performance, achieving a success
rate of 40.2% for E3AC:DC-ED2 and 63.7% for APE2:DC-
ED2 during this training period. Specifically, it takes only
about 100 training episodes for APE2:DC-ED2 to converge
to a stable motion planning policy according to Fig. 9(a).

To further evaluate the effectiveness of the proposed ED2 in
accelerating training with high-quality but non-optimal expert
data, we use a well-trained RL model to provide optimal
expert data for data compensation. As shown in Table VI, both
E3AC:DC-RL and APE2:DC-RL achieve the highest success
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rates in the first 250 training episodes, compared with the
corresponding benchmarks. However, using DC-RL creates
an idealized condition where the demonstrations are optimal,
which is unrealistic given that the trajectories demonstrated
by an expert are typically non-optimal. In contrast, ED2 is
more realistic and practical, allowing DRL to search for and
learn an optimal policy more efficiently with the aid of some
high-quality but non-optimal expert data. As shown in Fig.
8(a), and Fig. 9(a), the episode rewards of E3AC:DC-ED2 and
APE2:DC-ED2 converge to values similar to E3AC:DC-RL
and APE2:DC-RL, respectively. This indicates that DRL al-
gorithms trained with the help of either optimal or non-optimal
expert data can learn comparable policies. Furthermore, as
depicted in Fig. 8(c) and Fig. 9(c), the total success rates of
E3AC:DC-ED2 and APE2:DC-ED2 throughout training are
only slightly lower than those achieved using DC-RL (i.e.,
E3AC:DC-RL and APE2:DC-RL). According to Table VI, this
very slight reduction in success rates is mainly reflected in the
early training stages.

Moreover, the robustness of well-trained BC, APE2:BC, and
APE2:DC-ED2 models based on ED2 has been evaluated from
two aspects: the ability to keep the tool center point within
allowable errors after reaching the goal pose and the ability
to withstand noise disturbances. Fig. 10 shows the variation
of normalized pose error for each model in motion planning,
given a fixed goal pose. Since the diffusion step of ED2 is
80, BC can only plan the motion with fixed 80 steps. Conse-
quently, the pose error of BC increases continuously from the
80th time step onwards, as it cannot maintain the tool center
point within allowable errors. Additionally, when Gaussian
noise with a variance of 0.4 is added to the action space (see
BC-N), a distribution shift phenomenon is observed, with the
error of BC-N exceeding the maximum allowable range by the
end of the planning task. Compared with BC, the proposed
hybrid policy (see APE2:BC) uses only about 60 steps to
reduce the pose error to allowable ranges and maintains it
within this range for subsequent steps. Furthermore, the hybrid
policy shows good robustness against noise disturbances (see
APE2:BC-N).

Comparing APE2:BC and APE2:DC-ED2, it can be inferred
that the proposed data compensation mechanism helps DRL
learn better motion planning policies. Specifically, the pose
error of APE2:DC-ED2 is reduced to within the allowable
range in about 50 steps. The subsequent error fluctuation
remains minimal and stable, even under noise disturbances
(see APE2:DC-ED2-N). In general, pure DRL-based mod-
els exhibit greater robustness than BC-based models. Since
APE2:DC-ED2 is entirely independent of behavior cloning, its
motion planning performance is not constrained by the quality
of the provided expert demonstrations.

Based on the experimental results presented in this section,
the proposed ED2 model can effectively generate substantiate
expert trajectory data, which can significantly enhance DRL
training when utilized with appropriate data integration meth-
ods. Moreover, the data compensation mechanism outperforms
the hybrid policy learning approach in terms of both training
efficiency and trajectory generation quality. Consequently, we
adopt the data compensation mechanism as the primary tech-
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Fig. 10. Robustness analyses among different uses of the proposed expert data
diffusion strategy. The robustness is evaluated from two aspects: the ability
to keep the tool center point within allowable errors after reaching the goal
pose, and the ability to withstand noise disturbances.

nique for efficient policy learning in the proposed URPlanner.
The results in Fig. 10 also demonstrate the capacity of the

proposed URPlanner to handle tracking errors effectively. In
this work, the trained policy is rolled out in the parameterized
environment in a closed-loop feedback manner to generate
trajectories (represented as joint configuration sequences). As
shown in Fig. 10, even if the actual robot configurations
deviate from the originally commanded configurations because
of the noise disturbances introduced to the action space at each
time step, URPlanner can continue to plan and accomplish
the assigned tasks with satisfactory performance. After the
trajectory is planned in a closed-loop manner and its safety is
verified, the joint configuration sequence is transmitted to the
real-world robot for execution in an open-loop manner. In such
cases, if the robot fails to reach the commanded configuration
at any step due to disturbances, the error is automatically
corrected as it moves toward the next joint configuration in
the sequence. Moreover, a feedback loop can be implemented
in URPlanner to replan subsequent trajectories at a specific
frequency. For instance, URPlanner can periodically read the
actual joint angles of the robot every few steps to calculate the
current state and update all the configurations yet to be tracked.
The replanning can be accomplished within a few milliseconds
by URPlanner, as demonstrated in the next section.

C. Application Instances

In this part, the proposed URPlanner is compared with
other existing traditional and learning-based motion planners
to verify its superiority in trajectory generation.

1) Comparisons among existing planners: As shown in
Fig. 11, we evaluate the quality of trajectories planned by
existing planners for a given goal pose. RRT and RRT∗

are selected as representatives of traditional methods, with a
maximum planning time of 4 s. DDPG:CAR and DDPG:COR,
as proposed in [7], are powerful learning-based planners. The
trajectories for these four methods are generated using a virtual
twin system [9] established in CoppeliaSim and then applied
to real robots, as they are not platform-agnostic. Specifically,
for DDPG:CAR and DDPG:COR, the policy is rolled out in
the virtual twin system in a closed-loop feedback fashion. The
agent observes the current state, computes an action using the
trained policy, and transitions to the next state. This process
continues iteratively until the goal is achieved. Hence, the
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Fig. 11. Trajectory generation performance of each planner given a fixed
goal pose. Column 1 contains all the five trajectories. Columns 2-4 are three
selected real-world examples. The green tick and red cross indicate success
and failure, respectively.

generation cost (GC) depends on both the simulation runtime
and the inference time of the policy.

In our evaluation of URPlanner, we assess the performance
of both APE2:BC and APE2:DC-ED2 to determine which
approach offers better results. As platform-agnostic methods,
they use the proposed parameterized space to represent the
environment with static obstacle layouts, enabling all nec-
essary information for trajectory generation to be computed
analytically. Thus, trajectory generation is reduced to a direct
computation of states and actions, without requiring a simu-
lated robot platform. Here, the generation cost depends solely
on the policy’s inference time, significantly lowering the time
cost for generating feasible trajectories.

The experiment is repeated 5 times for each planner,
and only successful trials are counted when calculating the
trajectory length (TL) and the MD between the robot and
obstacles during motion. Note the MD data in Table VII are
obtained using the MD module in CoppeliaSim by verifying
the generated trajectories in the virtual twin system.

As shown in Table VII, the training cost (TC) of RRT and
RRT∗ is zero, as they do not need training. However, the
performance is highly unstable. For instance, the GC, TL, and
MD for RRT vary significantly, ranging from 0.281 s to 4.0
s, 1.071 m to 1.589 m, and 0.09 cm to 5.34 cm, respectively.
This instability is attributed to the infinite IK solutions for
redundant manipulators and the inherent randomness of the
tree-based search process, leading to occasional failures during
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Fig. 12. Performance evaluation of different motion planners. TC: training
cost. GC: generation cost. SR: success rate. TL: trajectory length. MD:
minimum distance between the manipulator and obstacle during motion.

the five trials. Notably, RRT∗ stabilizes the generation cost
at the maximum value of 4 s, attempting to asymptotically
find the optimal solution. However, the random process often
renders the 4 s planning time insufficient for identifying a
solution, resulting in the lowest success rate (SR) of only
60%. Similar to RRT, the TL and MD of RRT∗ also vary
significantly. Moreover, even for the successful trajectories
generated by RRT and RRT∗, the MD is often too small to
guarantee safety during motion.

Compared to RRT and RRT∗, a major drawback of learning-
based methods is their high training cost. We train the four
planners until their policies converge to a stable state. As
shown in Table VII, training DDPG:COR and DDPG:CAR
takes about 10 h and 12 h, respectively. This lengthy training
period is due to the need for interactions with simulated
or real-world platforms to acquire necessary environmental
information and their reliance on precise MD calculations,
as discussed in Section VII-B1. For the same reason, both
planners require over 6 s to generate a trajectory. In contrast,
the APE2:BC and APE2:DC-ED2 models of our URPlanner,
as platform-agnostic methods, require only a few minutes for
training and a few milliseconds for trajectory generation. This
efficiency is achieved using the proposed parameterized space
and MD-independent reward. Particularly, the APE2:DC-ED2
model learns a stable policy in less than 9 min, and requires
only 0.06 seconds to generate an entire trajectory.

Although the four learning-based motion planners incur
certain training costs, they demonstrate good stability and
satisfactory trajectory quality. This is because DRL enables
the agent to learn an optimal policy to maximize the return
(episode reward). As shown in Table VII, all of them achieved
a 100% success rate in all the tests. It is also noteworthy
that, compared to traditional planners, the average length of
the trajectories planned by these models is shorter, while the
corresponding minimum distance (between the manipulator
and the obstacles throughout the motion process) is larger,
indicating superior trajectory quality and safety. Moreover, the
trajectory length and minimum distance of the five trajectories
planned by each learning-based method exhibit significantly
lower variance compared to traditional planners, indicating
better stability in motion planning. Additionally, the four

IEEE Transactions on Robotics (T-RO) paper, presented at ICRA 2026, Vienna, Austria. Cite as T-RO paper.



15

TABLE VII
PERFORMANCE COMPARISONS OF DIFFERENT MOTION PLANNERS

Category Planner Training
Cost

Generation
Cost (s)

Success
Rate

Trajectory
Length (m)

Minimum
Distance (cm) Score IK-free Platform

Agnostic Stability

Traditional
Planner

RRT 0 1.937 4.0
0.281 80.0% 1.340 1.589

1.071 2.62 5.34
0.09 3.081 × × normal

RRT∗ 0 4.0 4.0
4.0 60.0% 1.457 1.676

1.102 1.68 2.74
1.15 1.986 × × normal

Learning
Based

DDPG:CAR 11h44min 6.34 6.44
6.24 100.0% 1.153 1.164

1.140 5.22 5.41
5.06 2.802 ✓ × good

DDPG:COR 9h48min 6.47 6.74
6.26 100.0% 1.098 1.140

1.080 5.36 6.03
5.07 3.136 ✓ × good

APE2:BC 13min4s 0.212 0.218
0.207 100.0% 1.285 1.296

1.277 4.92 5.13
4.68 4.293 ✓ ✓ good

APE2:DC-ED2 8min49s 0.060 0.061
0.060 100.0% 1.098 1.108

1.089 5.47 5.92
5.11 4.987 ✓ ✓ good

Annotation: The data of planning time, trajectory length, and minimum distance between the manipulator and obstacles are in the format
of meanmax

min . The trajectories are generated in a simulated or parameterized environment to ensure safety, and subsequently sent to the real-
world robot in an open-loop fashion. The generation cost refers to the time required by various methods to produce a feasible trajectory for
a given task. For non-platform-agnostic methods, this cost includes both the simulation runtime and the policy inference time. In contrast,
for our platform-agnostic methods, it depends solely on the policy inference time.

planners are designed to be IK-free, allowing them to be
applied to arbitrary manipulators without requiring inverse
kinematics planning.

By further comparing among the four DRL-based models,
it is worth noting that the trajectories planned by APE2:BC
show the largest trajectory length of 1.285 m. Additionally,
although the MD is satisfactory, it is still slightly smaller than
the other models. This is because directly incorporating a non-
optimal BC policy in the action at can also restrict the overall
behavior of the hybrid policy, even though it helps accelerate
the training of DRL algorithms. In comparison, using the DC
mechanism not only brings greater promotion to the training
performance (as discussed in Section VII-B3, but also ensures
the DRL agent can effectively search for and learn an optimal
policy. As shown in Table VII, the trajectories planned by
APE2:DC-ED2 model exhibit the shortest average TL while
maintaining the largest average MD.

As described in Section III-A, a safety offset ao is intro-
duced to maintain a safe distance from obstacles throughout
the motion. As shown in Table VII, with ao = 5 cm, the
trajectories planned by the APE2:DC-ED2 have a TL of
1.0981.108

1.089 m and a MD of 5.475.92
5.11 cm. However, excessively

large safety offsets can over-constrain the motion planner. To
investigate this trade-off, we analyzed the effect of different
ao on both TL and MD. When ao = 0 cm, the trajectories
planned by the APE2:DC-ED2 have a TL of 1.053 1.058

1.042 m
and a MD of 1.58 1.91

1.00 cm. When ao = 2.5 cm, the TL and
MD are 1.069 1.077

1.060 m and 2.75 3.48
1.68 cm, respectively. When

ao = 8.0 cm, the planner fails to identify a solution.
These results indicate that setting the ao too small (e.g., 0

cm) can yield slightly shorter trajectories but compromises
safety, as even minor disturbances may lead to collisions
during trajectory tracking. Conversely, an overly large ao
(e.g., 8.0 cm) may render the task infeasible, as no robot
configuration would exist that satisfies the constraints. Our
empirical analysis suggests that a safety offset in the range
of 2.5-5 cm provides a practical balance between safety and
task feasibility. Based on these findings, and consistent with
the setup in prior works [9], we adopt a 5 cm safety offset in
our framework.

In Fig. 12, we score the overall performance of each motion

planner by synthesizing the aforementioned criteria: TC, GC,
SR, TL, and MD. The values in Table VII are scaled to the
range [0, 1] using min-max normalization, except for the SR.
For all criteria except SR and MD, the score is calculated as
(1−normalized value). For MD, the normalized value is used
directly as the score. Consequently, the APE2:DC-ED2 model
of URPlanner achieves the highest score of 4.987, followed by
4.293 for APE2:BC, 3.136 for DDPG:COR, 3.081 for RRT,
2.802 for DDPG:CAR, and 1.986 for RRT∗.

Without loss of generality, the performances of the six
planners are further evaluated by comparing the quality of
the trajectories planned for several other goal poses within the
designated target area. The distance between two consecutive
points is 10 cm. Similar to the experiments presented in
Table VII, five trajectories are generated by each planner
for each goal pose, with only successful trials included in
the calculations of trajectory length and minimum distance.
Table VIII presents the success rate of trajectory generation,
trajectory length, and minimum distance for each planner. It
can be observed that RRT and RRT∗ remain highly unstable,
with significant variability in the quality of the generated tra-
jectories across the five trials. In contrast, the other four DRL-
based planners exhibit good stability and satisfactory trajectory
quality, with the trajectories almost perfectly overlapping. The
trajectory generation performance is scored based on these
three aspects using the calculation method introduced in Fig.
12. The experimental results demonstrate that the APE2:DC-
ED2 model of our URPlanner consistently outperforms the
other planners in the three listed criteria. It is worth noting
that the trajectory generation policies of DRL-based planners
are highly similar for goal poses in close proximity to each
other. Based on the experimental results in this section, it can
be concluded that the APE2:DC-ED2 model of URPlanner
achieves the best overall performance among the six planners.

2) Trajectory replanning: As discussed in Sections VII-B
and VII-C, the proposed platform-agnostic method, URPlan-
ner, enables all necessary information for trajectory gener-
ation to be computed analytically. Due to this advantage,
URPlanner can preplan the entire trajectory (represented as
joint configuration sequences) efficiently in the parameterized
space before execution on a simulated or real-world platform.
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TABLE VIII
PERFORMANCE OF DIFFERENT MOTION PLANNERS WITH VARIED GOAL POSES

point 1 point 2 point 3

Planner SR TL (m) MD (cm) Score SR TL (m) MD (cm) Score SR TL (m) MD (cm) Score

RRT 100.0% 1.147 1.391
0.956 2.76 4.33

0.55 1.625 60.0% 0.982 0.999
0.971 4.35 7.74

0.41 1.582 60.0% 0.948 1.131
0.835 1.55 2.70

0.08 1.542

RRT∗ 60.0% 1.180 1.215
1.162 1.99 4.15

0.80 0.772 60.0% 1.206 1.461
0.887 4.58 6.83

2.77 0.653 80.0% 1.007 1.144
0.891 4.77 7.76

0.55 1.762

DDPG:CAR 100.0% 1.196 1.203
1.182 7.81 8.36

7.31 1.745 100.0% 1.057 1.063
1.049 7.68 7.96

7.44 2.414 100.0% 1.046 1.119
1.019 5.74 6.09

4.46 1.763

DDPG:COR 100.0% 1.154 1.164
1.145 6.78 7.05

6.57 2.065 100.0% 1.067 1.077
1.060 6.08 6.15

5.95 2.005 100.0% 0.965 0.972
0.958 4.70 5.35

4.21 2.353

APE2:BC 100.0% 1.144 1.180
1.131 8.46 8.69

8.14 2.388 100.0% 1.071 1.077
1.063 8.02 8.66

7.69 2.430 100.0% 1.040 1.076
1.005 6.85 7.34

6.33 2.023

APE2:DC-ED2 100.0% 1.103 1.108
1.096 9.80 10.0

9.55 3.000 100.0% 0.978 0.994
0.951 8.73 9.05

8.57 3.000 100.0% 0.942 0.949
0.936 7.04 7.42

6.35 3.000

Annotation: The data of trajectory length as well as minimum distance between the manipulator and obstacles are in the format of meanmax
min .

(a) (b)

 

Fig. 13. Examples of trajectory replanning for changed goal poses. The robot
initially executes a preplanned trajectory to transport a grasped object above
a static basket. Subsequently, the basket moves in the direction indicated by
the yellow arrow. URPlanner replans the subsequent motions, enabling the
robot to track the moving basket.

Moreover, it can replan and update all untracked config-
uration sequences in the parameterized space concurrently
with trajectory execution. As indicated in Table VII, the
planning can be implemented within a few milliseconds. In
Fig. 13, we present two examples of trajectory replanning to
accommodate new goal positions. Initially, the Franka robot
executes a trajectory preplanned by URPlanner to transport
a grasped object above a static basket. Subsequently, in the
two examples, the basket moves in the direction indicated by
the yellow arrow. URPlanner replans the subsequent motions
in the parameterized space, enabling the robot to track the
basket’s movement and successfully drop the object into it.
Notably, even as the goal pose eventually exceeds the trained
target area, URPlanner demonstrates robustness to these un-
trained environmental states.

VIII. DISCUSSION

A. Universality of URPlanner

In this section, we demonstrate the universality and ef-
fectiveness of URPlanner across various task scenarios, as
illustrated in Fig. 15. These scenarios involve different ma-
nipulators and environments. For each scenario, we compare
the training performance of DDPG, APE2, and APE2:DC-
ED2 algorithms. The training success rates are summarized
in Table IX, and the variation of episode rewards during
training is depicted in Fig. 14. The benchmark algorithm,
DDPG, exhibits much slower policy convergence compared to
the proposed APE2 and APE2:DC-ED2 algorithms across all
scenarios. In contrast, APE2 achieves stable policy learning
within approximately 250 episodes in more complex envi-
ronments, such as Scenarios 1 and 3. Scenario 2, being

significantly simpler, allows the APE2 algorithms to learn a
stable policy in only about 80 episodes. A comprehensive
comparison of training success rates during the early stages
(1st-500th episodes) reveals that the proposed APE2 algorithm
demonstrates substantial improvements over DDPG.

Despite the powerful learning ability APE exhibits in han-
dling environments with different levels of complexity, its
performance can be further enhanced by the proposed expert
data diffusion approach. Experimental results indicate that
APE2:DC-ED2 achieves the best training performance across
all scenarios, particularly during the first 250 episodes, where
it learns a stable policy within approximately 70 episodes
for Scenarios 1 and 3. Notably, the improvement in training
success rate brought by APE2:DC-ED2 in Scenario 2 is
limited, as APE2 already performs exceptionally well in this
simple environment. In practice, expert data are primarily
required to address highly complex scenarios.

These findings demonstrate that URPlanner is a universal
paradigm capable of supporting different manipulators and
environments. The proposed techniques, including collision
avoidance, policy exploration and evaluation, as well as expert
data diffusion and utilization, are effective across diverse sce-
narios. Furthermore, Fig. 15 highlights the platform-agnostic
nature of URPlanner, as policies trained in the parameterized
space can be directly applied to both simulated and real-world
platforms without fine-tuning.

B. Generalization across different scenarios

The generalization ability is a common challenge in DRL, as
optimal policies often vary across different environments. Typ-
ically, if the new environment closely resembles the training
environment, such as the experiments in Table V, the model
may generalize reasonably well. However, in cases where
the new environment differs significantly, such as featuring
entirely new obstacles, manipulators, or target areas, the model
may struggle to perform effectively without retraining. Studies
including [7], [9], [36] emphasize that retraining is often
required when applying a learned policy to new task scenarios.

In this work, we abstract obstacles as one or multiple
bounding boxes in the proposed parameterized space. This
abstraction ensures that the trained motion planning policy is
universally applicable to all objects that can be enclosed by
the bounding box used during training. While training a single
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TABLE IX
TRAINING SUCCESS RATE (%) PER 250 EPISODES OF ALGORITHMS IN DIFFERENT SCENARIOS

Scenario 1 Scenario 2 Scenario 3

1-250 251-500 501-750 751-1000 1-250 251-500 501-750 751-1000 1-250 251-500 501-750 751-1000

DDPG 0.0 0.0
0.0 0.0 0.0

0.0 54.4 62.0
37.2 98.0 99.6

94.4 0.0 0.0
0.0 54.3 81.6

14.8 98.8 99.6
97.2 98.6 99.2

97.2 0.0 0.0
0.0 4.5 18.0

0.0 53.4 95.6
27.6 95.9 98.0

93.6

APE2 31.2 58.0
4.0 99.4 100

98.4 99.8 100
99.6 100 100

100 72.4 78.8
67.2 100 100

100 99.9 100
99.6 99.8 100

99.6 29.9 38.4
11.6 100 100

100 98.8 99.6
96.4 99.7 100

99.2

APE2:DC-ED2 69.3 79.2
63.6 100 100

100 99.4 99.6
98.8 99.8 100

99.2 78.3 81.6
74.8 99.9 100

99.6 98.8 99.6
98.4 99.9 100

99.6 66.5 69.2
65.2 100 100

100 99.1 100
97.2 99.9 100

99.6

Annotation: The data are in the format of meanmax
min . In each scenario, all the algorithms achieve a 100% testing success rate based on 50 trials.
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Fig. 14. Variation of episode rewards during training for DDPG, APE, and APE2:DC-ED2 algorithms in different scenarios. The shaded region represents
the standard deviation of the average evaluation over four random seeds. (a) Scenario 1: training a KUKA robot. (b) Scenario 2: training a Franka robot in a
simple environment. (c) Scenario 3: training a Franka robot in a complex environment.

(a) (b) (c)
Scenario 1 Scenario 2 Scenario 3

Fig. 15. Universality of URPlanner across different manipulators and environ-
ments. Scenario 1: training a KUKA robot. Scenario 2: training a Franka robot
in a simple environment. Scenario 3: training a Franka robot in a complex
environment.

DRL policy to handle all possible task scenarios is inherently
challenging, the introduction of a policy library enables our
method to generalize effectively across various scenarios.

As illustrated by the simple example in Fig. 16, the
workspace on a desk is divided into three Regions: 1, 2,
and 3. Three sub-policies, each tailored to a respective sub-
workspace, are trained. To train these policies, each time, one
region is defined as a sub-workspace, with the remaining two
regions treated as obstacle spaces with a certain height. These
sub-policies, represented by network parameters, are stored in
the policy library along with the spatial occupancy data of the
target and obstacle regions.

The combination of these three sub-policies enables cover-
age of a broad range of obstacle and target layouts, provided
that the target is not in the same region as the obstacles. As
illustrated in Fig. 16, six scenarios with random goal positions
and/or obstacles are established. In Scenarios 1 and 2, the
two boxes are located in Region 1, where the obstacles in
Region 2 have minimal influence on the robot’s motion to the
goals. In Scenarios 3 and 4, the boxes are located in Region
2, while the two obstacles are positioned randomly in Regions
1 and 3, respectively. In Scenarios 5 and 6, the robot needs to

desk

Region 1 Region 2 Region 3

Scenario 1

Scenario 2

Scenario 3

Scenario 4

Scenario 5

Scenario 6

Fig. 16. Examples of enhancing generalization by developing a policy library.
Six new scenarios involving random obstacle and target layouts are given, and
the agent can retrieve an appropriate sub-policy from the library to generate
collision-free motions.

Trajectories of base policy     Trajectories after transfer learning

(b) (c)(a)

Fig. 17. Examples of leveraging transfer learning for efficient policy adapta-
tion to new environments. (a) Policy adaptation for new target areas. (b) Policy
adjustment for smaller obstacles. (c) Policy adaptation for larger obstacles.

navigate across two consecutive obstacle regions to reach the
goals in Region 3. These examples demonstrate that the agent
can flexibly retrieve an appropriate sub-policy from the library
to generate collision-free motions, even when faced with new
scenarios involving random obstacle and target configurations.

If no feasible sub-policy exists in the library, i.e., an obstacle
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(b)(a)

Fig. 18. Example of demonstration provision and novel trajectory generation
by ED2. The designated target area is uniformly divided into 25 sub-areas,
with demonstrations provided for each sub-area. (a) Twenty-five provided
demonstrations. (b) One hundred novel trajectories generated by ED2.

TABLE X
TRAINING PERFORMANCE OF THE APE2:DC-ED2 ALGORITHM WITH

VARYING NUMBERS OF EXPERT DEMONSTRATIONS

Algo-
rithm

Number
of demo-
strations

Success Rate Per 250 Episodes (%)

1-250 251-500 501-750 751-1000

APE2 − 7.8 25.2
0.4 86.9 98.8

75.2 100 100
100 99.5 100

99.2

APE2 with
DC-ED2

1 43.2 48.0
36.8 99.9 100

99.6 100 100
100 99.7 100

99.2

5 45.6 48.8
43.2 100 100

100 100 100
100 99.7 100

99.6

10 45.8 53.6
36.4 100 100

100 99.9 100
99.6 99.7 100

99.2

20 47.1 50.4
41.6 99.8 100

99.6 99.9 100
99.6 100 100

100

Annotation: The data are in the format of meanmax
min over four random seeds.

All the algorithms achieve a 100% testing success rate based on 50 trials.

and target configuration not covered by the existing policies,
a new sub-policy is automatically trained and added to the
library. The cost effectiveness of the URPlanner proposed in
this work enables this training process to be completed within
a few minutes, compared to the hours required by conventional
DRL-based planners. As the policy library expands with
additional sub-policies, the generalization capability of our
approach continuously improves.

Additionally, the training cost for a new sub-policy can
be further reduced by leveraging transfer learning [7]. For
example, Fig. 17(a) illustrates the policy adaptation for new
target areas where the original target area is raised or lowered
by 10 cm. The new policies are trained within about 150 s
by transferring the base policy. In Fig. 17(c), the obstacles are
stretched, causing the base policy unable to generate collision-
free trajectories. Within about 75 s of transfer learning, the
base policy is adjusted to stably generate collision-free trajec-
tories for reaching random targets in Region 3.

While the policy library effectively improves generalization,
it may compromise the quality of the generated trajectories.
This is particularly evident when the bounding box used for
training the sub-policy is significantly larger than the obstacles
in new scenarios, leading to unnecessary safety margins and
inefficiencies in reaching the target. In such situations, transfer
learning can be employed to refine the trajectory generated by
the sub-policy. Fig. 17(b) illustrates an example where transfer
learning refines the base policy for reaching random targets in
region 2, reducing the average trajectory length by 4.6 cm and
increasing the minimum distance to obstacles by 4.3 cm.

C. Strategy for providing demonstrations to ED2

As discussed in Section VII-C, the trajectory generation
policies of DRL-based planners are highly similar for goal

poses in close proximity to each other. Thus, a designated
target area can be uniformly divided into several sub-areas,
with demonstrations provided for each sub-area. For example,
in Fig. 18(a), one demonstration is provided for each of the 25
sub-areas. Fig. 18(b) shows 100 novel trajectories generated by
the proposed ED2 model, trained using the 25 demonstrations
shown in Fig. 18(a). These results demonstrate that the ED2
model is capable of generating diverse novel trajectories from
a limited number of expert demonstrations.

As shown in Table X, by setting the number of demonstra-
tions provided to each sub-area as 1, 5, 10, and 20, respec-
tively, four ED2 models are trained accordingly. Subsequently,
four expert memories are generated based on these trained
ED2 models. These expert memories are used by the data
compensation mechanism, referred to as DC-ED2, to evaluate
their impact on facilitating the training of the APE2 algorithm.
The results demonstrate that the APE2:DC-ED2 algorithm
with ED2 trained on a single demonstration per sub-area
achieves a success rate of 43.2% in the first 250 training
episodes. This performance is only marginally lower than
the success rates achieved by the APE2:DC-ED2 using ED2
models trained on 5, 10, and 20 demonstrations per sub-area,
respectively. These results demonstrate that ED2, trained with
a limited number of demonstrations, is capable of generating
high-quality data to accelerate the policy convergence of DRL.

D. Extension of URPlanner

As discussed in Section III-A, URPlanner adopts a
clearance-based motion planning strategy by expanding the
bounding boxes that represent obstacles. This expansion en-
sures that the robot maintains a safe distance from potential
collisions. However, this conservative approach may limit the
planner’s ability to navigate through environments with narrow
passages or tightly clustered obstacles.

URPlanner can be easily extended to overcome this limita-
tion. Specifically, the surface of each cylinder that represents
the robot’s link can be approximated by multiple line seg-
ments, similar to the method in [29]. The computation of col-
lision detection and the UOAR remains unchanged. This ap-
proach eliminates the need to expand obstacle representations
and avoids reducing the cylindrical model to a single central
line segment. Although this extension slightly increases the re-
ward computation time, it significantly improves URPlanner’s
planning ability in constrained environments. As demonstrated
in Fig. 19(a), the extended URPlanner effectively guides both
KUKA and Franka manipulators to execute smooth, collision-
free curved trajectories, successfully navigating narrow spaces
between ground-level and elevated obstacles.

Moreover, URPlanner can be extended to handle environ-
ments with random obstacle layouts. In this work, we assume
static obstacle layouts and only the target positions vary
randomly across episodes. In this context, the state st defined
in Eq. (2) is sufficient. This state setup is consistent with many
prior works in DRL-based motion planning, such as [7]–[9].

To handle environments with random obstacle layouts, ob-
stacle information must be incorporated into the state variable.
A straightforward yet limited solution adopted in prior works
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Fig. 19. Extensions of URPlanner. (a) Approximating the robot’s link with
multiple line segments eliminates the need to expand obstacle representations
and enhances URPlanner’s planning ability in narrow spaces. (b) URPlanner
can be extended to handle environments with randomized obstacle configu-
rations by incorporating obstacle information as a 3D occupancy grid matrix
in the state representation.

[26], [30], [37] is to include the positions of the obstacles. This
method works when the number and shape of obstacles are
constant, but it becomes impractical in highly variable settings.

To enable scalability, we propose using a 3D occupancy grid
with a fixed resolution to represent the spatial configuration
of obstacles. This representation allows the state variable to
remain fixed in dimension while encoding arbitrary obstacle
shapes and distributions. As shown in Fig. 19(b), by incorpo-
rating the occupancy grid into st, URPlanner is capable of han-
dling environments with randomized obstacle configurations.
The robot successfully learns to navigate around obstacles
whose number, size, and shape change across episodes. In
future work, we plan to further optimize this approach.

IX. CONCLUSION

This article presents a universal paradigm for collision-
free robotic motion planning named URPlanner, which is
platform-agnostic and highly cost-effective in both training
and deployment. This efficiency is attributed to integrating
the proposed parameterized task space, minimum distance-
independent UOAR, powerful APE2 algorithm, and ED2
model with data compensation mechanism. For a given en-
vironment, URPlanner can be trained within a few minutes.
The experimental results have also shown that the trained
model can plan IK-free, collision-free, and near-optimal mo-
tion within a few milliseconds. In contrast, other methods may
take up to several seconds or longer. Moreover, our URPlanner
demonstrates good robustness and adaptability across various
task scenes, platforms, and manipulators, and generalizes well
to untrained environmental states.

One limitation of our work is that the approximation of
obstacles and manipulator links may lead to slight underuti-
lization of free space, as some collision-free regions are con-
servatively treated as unsafe. However, this simplification pro-
vides significant gains in computational efficiency. In practice,
these regions can serve as parts of the safety margins, thereby
improving clearance during motion planning. For future work,

we think it would be interesting to explore the application
of the proposed URPlanner in dynamic environments with
moving obstacles. Particularly, a human partner may also be
modeled as a moving obstacle so that the approach can also
be used in human-robot collaboration scenarios.
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