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Abstract
Effective motion planning in high dimensional
spaces is a long-standing open problem in
robotics. One class of traditional motion plan-
ning algorithms corresponds to potential-based
motion planning. An advantage of potential based
motion planning is composability – different mo-
tion constraints can easily combined by adding
corresponding potentials. However, constructing
motion paths from potentials requires solving a
global optimization across configuration space po-
tential landscape, which is often prone to local
minima. We propose a new approach towards
learning potential based motion planning, where
we train a neural network to capture and learn
an easily optimizable potentials over motion plan-
ning trajectories. We illustrate the effectiveness of
such approach, significantly outperforming both
classical and recent learned motion planning ap-
proaches and avoiding issues with local minima.
We further illustrate its inherent composability, en-
abling us to generalize to a multitude of different
motion constraints.

1 Introduction
Motion planning is a fundamental problem in robotics and
aims to find a smooth, collision free path between a start
and goal state given a specified configuration space, and is
heavily used across a variety of different robotics tasks such
as manipulation or navigation (Laumond et al., 1998). A va-
riety of approaches exist for motion planning, ranging from
classical sampling based approaches (Kavraki et al., 1996;
Kuffner & LaValle, 2000; Karaman & Frazzoli, 2011; Gam-
mell et al., 2015) and optimization based methods (Ratliff
et al., 2009; Mukadam et al., 2018; Kalakrishnan et al.,
2011). A recent body of works have further explored how
learned neural networks can be integrated with motion plan-
ning for accelerated performance (Ichter & Pavone, 2019;
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Figure 1: Illustrative Example of Composing Diffusion Energy
Potentials. Our approach learns different potential functions over
motion planning trajectories (orange dashed lines) q1:N . Different
potentials can be combined and optimized to construct new motion
plans that avoid obstacles encoded in both potential functions.

Qureshi et al., 2019; Fishman et al., 2023; Yamada et al.,
2023; Le et al., 2023).

A classical approach towards motion planning is potential
based motion planning (Khatib, 1986; Koren et al., 1991;
Ratliff et al., 2009; 2018; Xie et al., 2020), where both ob-
stacles and goals define energy potentials through which
trajectories are optimized to reach. An advantage of poten-
tial based motion planning is that different constraints to
motion planning can be converted into equivalent energy
potentials and directly combined to optimize for motion
plans. However, potential based methods rely on gradient
optimization with respect to local geometry, resulting in the
long-standing local minima issues (LaValle, 2006). In ad-
dition, such motion planning techniques typically requires
implicit obstacle representations, which is hard to obtain in
real-world settings.

We present a potential based motion planning approach
leveraging diffusion models (Sohl-Dickstein et al., 2015; Ho
et al., 2020) where diffusion models are used to parameterize
and learn potential landscapes across configuration space
trajectories between start and goal states. These learned
potential functions can inferred across long-horizon plans
from raw perceptual inputs. Furthermore, the annealed op-
timization procedure across a sequence of potential energy
landscapes in diffusion models (Du et al., 2023) enables us
to avoid local minima in optima. This optimization proce-
dure is further stochastic, enabling the planner to generate
a multitude of motion plans with diverse morphology for a
specific problem, offering various motion plan candidates
for selection in test time. Finally, as our potential is defined
globally over an environment, it is guided by both local and
global environment geometry, and thus our method provides
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more accurate plans that require signi�cantly less collision
checking, compared with problem-independent sampling-
based planners.

One major hurdle of learning-based motion planners is their
generalizability to environments with unseen, more complex
constraints. For example, a learned model trained on sparse
obstacles will perform poorly in scenarios with cluttered ob-
stacles, as such a setting is out of distribution. Our approach
addresses this throughcompositionality– our learned poten-
tials can be additively composed together to jointly solve
motion planning problems with larger sets of constraints
than seen at training time. As illustrated in Figure 1, combin-
ing two potentials from different diffusion models enables
us to optimize for trajectories that satisfy both constraints,
one to avoid obstacles in a cross, and a second to avoid
obstacles in a square. Such �exibility to ad-hoc composition
of constraints is especially useful in robotics where agents
will often experience new sets of motion constraints in its
environment over the course of execution.

Overall, in this paper, our contributions are three-fold.(1)
We present an approach to learned potential based motion
planning using diffusion models.(2) We illustrate the effec-
tiveness of our approach, outperforming existing classical
and learned motion planning algorithms in accuracy and
collision checks.(3) We illustrate the compositionality of
motion planner, enabling it to generalize to multiple sets
of motion constraints as well as an increased number of
objects.

2 Related Work
Motion Planning. Classic sampling-based motion plan-
ners (Kavraki et al., 1996; Kuffner & LaValle, 2000; Elban-
hawi & Simic, 2014; Gammell et al., 2014; Janson et al.,
2015; Choudhury et al., 2016; Strub & Gammell, 2020)
have gained wide adoption due to their ef�ciency and gener-
alizability. However, problem-independent nature of these
methods can result in inef�ciency particularly when plan-
ning for similar problems repetitively. Reactive methods,
such as potential-based approaches (Khatib, 1986; Ratliff
et al., 2018; Xie et al., 2020), velocity obstacles (Fiorini &
Shiller, 1998; Van den Berg et al., 2008), and safety barrier
certi�cates (Wang et al., 2017) can provide fast updates and
have the guarantee for obstacle avoidance. However, their
performance is typically constrained by local minima or nu-
merical instability (LaValle, 2006), and they usually need to
construct obstacle representations in the robot con�guration
space, which is hard to obtain from raw perception. To ad-
dress these issues, recent works have proposed many deep-
learning based motion planners (Ichter & Pavone, 2019;
Bency et al., 2019; Fishman et al., 2023). Other works com-
bine neural network with sampling-based methods (Qureshi
et al., 2019; Johnson et al., 2021; Yu & Gao, 2021; Lawson
& Qureshi, 2022), or combine trajectory level generative

models with ground truth cost functions (Saha et al., 2023;
Carvalho et al., 2023). These methods can increase plan-
ning speed, expand the planning horizon, or reduce the
access queries to the environment by leveraging learned
knowledge. However, the performance of learned motion-
planning approaches on out-of-distribution environments of-
ten sharply degenerates. In addition, many existing methods
are only constrained to simple 2D environments (Yonetani
et al., 2021; Chaplot et al., 2021; Toma et al., 2021; Chang
et al., 2023; Carvalho et al., 2022). In contrast, we present
a learning-based potential motion planning approach, re-
quiring no ground truth knowledge of the optimized cost
objective, which we illustrate can effectively generalize to
new environments through composability of potentials.

Diffusion Models for Robotics. Many recent works have
explored the application of diffusion model for robotics (Jan-
ner et al., 2022; Chen et al., 2022; Kapelyukh et al., 2023;
Ha et al., 2023). Current research spans a variety of robotics
problems, including action sequence generation (Liang
et al., 2023; Fang et al., 2023; Li et al., 2023), policy (Wang
et al., 2023; Kang et al., 2023), grasping (Urain et al.,
2023; Huang et al., 2023), and visuomotor planning or
control (Dalal et al., 2023; Yang et al., 2023a; Chi et al.,
2023), with recent work also exploring their application
in solving manipulation constraints (Yang et al., 2023b).
In contrast to these works, we focus on how diffusion
models can be used to explicitly parameterize and learn
potentials in potential-based motion planning. We illustrate
the ef�cacy of such an approach across motion-planning
settings and its ability to generalize to new environments
through composition with other learned potentials.

3 Method

We �rst introduce potential based motion planning in Sec-
tion 3.1. We then discuss how potential based motion plan-
ning can be implemented with diffusion models in Sec-
tion 3.2. We further discuss how such an approach enables
us to combine multiple different potentials together in Sec-
tion 3.3. Following this, we discuss how we can re�ne
motion plans generated by diffusion models in cases of col-
lision in Section 3.4. Finally, we show the probabilistic
completeness of the proposed method in Section 3.5.

3.1 Potential Based Motion Planning

Given a speci�ed start stateqst and end stateqe in a con�gu-
ration spaceRn , motion planning is formulated as �nding
a collision-free trajectoryq1:N which starts fromqst and
ends atqe. To solve for such a collision-free trajectoryq1:N

in potential based motion planning (Khatib, 1986; Koren
et al., 1991), a potential functionU(q) : Rn ! R on the
con�guration space composed of

U(q) = Uatt(q) + Urepel(q); (1)
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Figure 2:Trajectory Denoising Process.The trajectory is randomly initialized from Gaussian in timestepS = 100. Noise is iteratively
removed via the gradient of the energy function as given in equation 5. A feasible trajectory can be obtained at timestepS = 0 .

is de�ned, whereU(q) assigns low potential value to the
goal stateqe and high potential to all states which are in col-
lision. In Equation 1,Uatt(q) represents a attraction potential
that has low values at the the end stateqend and high values
away from it, andUrepel(q) represents a repulsion potential
that has high values near obstacles and low values away
them. The functional form of the potential functionU(q)
provides an easy approach to integrate additional obstacles
in motion planning by adding a new potentialUnew(q) rep-
resenting obstacles to the existing potential in Equation 1.

To obtain a motion plan from a potential functionU(q),
a collision-free trajectoryq1:N from qst to qe is obtained
by iteratively following the scaled gradient of the potential
function

qt = qt � 1 � 
 r qU(q); (2)
with a successful motion plan constructed when the opti-
mization procedure reaches the minimum of the potential
function U(q). A major limitation of above approach in
Equation 2 islocal minima– if the optimization procedure
falls in such a minima, the motion plan will no longer suc-
cessfully construct paths fromqst to qe (Yun & Tan, 1997;
Teli & Wani, 2021; LaValle, 2006).

3.2 Potential Based Diffusion Motion Planning

We next discuss how to learn potentials for potential motion
planning that enable us to effectively optimize samples.
Given a motion planq1:T from start stateqst to end stateqe

and a characterization of the con�guration spaceC (i.e. the
set of obstacles in the environment), we propose to learn a
trajectory-level potential functionU� so that

q�
1:T = arg min

q1: T

U� (q1:T ; qst; qe; C); (3)

where q�
1:T is a successful motion plan fromqst to qe.

To learn the potential function in Equation 3, we pro-
pose to learn a EBM (LeCun et al., 2006; Du & Mor-
datch, 2019) across a dataset of solved motion plan-
ning D = f qi

st; qi
e; qi

1:T ; C i g, wheree� E � (q1: T j qst;qe;C ) /
p(q1:T jqst; qe; C). Since the datasetD is of solved motion
planning problems, the learned energy functionE � will have
minimal energy at successful motion plansq�

1:T and thus
satisfy our potential functionU� in Equation 3.

To learn the EBM landscape that enables us to effectively
optimize and generate motion plansq�

1:T , we propose to

shape the energy landscape using denoising diffusion train-
ing objective (Sohl-Dickstein et al., 2015; Ho et al., 2020).
In this objective, we explicitly train the energy landscape
so gradient with respect to the energy function can denoise
and recover a motion planq1:T across many differing levels
of noise corruptionf 1; : : : ; Sg ranging from mostly correct
motion paths to fully corrupted Gaussian noise trajectories.
By shaping the gradient of the energy function to generate
motion plansq1:T from arbitrary initialized trajectories, our
learned energy landscape is able to effectively optimize for
motion paths.

Formally, to train our potential, we use the energy based
diffusion training objective in (Du et al., 2023) , where
the gradient of energy function is trained to denoise noise
corrupted motion plansq�

1:T

L MSE = k� � r q1: T E � (
p

1 � � sqi
1:T +

p
� s �; s; q i

st; qi
e; C i )k2

(4)
where � is sampled from Gaussian noiseN (0; 1), s 2
f 1; 2; :::; Sg is the denoising diffusion step (we setS =
100), and� s is the corresponding Gaussian noise corrup-
tion on a motion planning pathqi

1:T . We refer toE � as the
diffusion potential function.

To optimize and sample from our diffusion potential func-
tion, we initialize a motion pathqS

1:T at diffusion stepS
from Gaussian noiseN (0; 1) and optimize for motion path
following the gradient of the energy functionE � . We it-
eratively re�ne the motionqs

1:T across each diffusion step
following

qs� 1
1:T = qs

1:T � 
� + �; � � N
�
0; � 2

s I
�
;

� = r q1: T E � (q1:T ; s; qst; qe; C) (5)

To parameterize the energy functionE � (q1:T ; s; qst; qe; C),
we use classi�er-free guidance scale of 2.0 (Ho & Salimans,
2022) to form a peaker composite energy function condi-
tioned onC. 
 and� 2

s are diffusion speci�c scaling con-
stants1. The �nal predicted motion pathq�

1:T corresponds to
the outputq0

1:T after runningS steps of optimization from
the diffusion potential function.

1A rescaling term at each diffusion step is omitted above for
clarity
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Algorithm 1 Compositional Potential Based Planning

1: Models: compositional set ofN diffusion potential
functionsE i

� (q1:T ; t; qst; qe; Ci )
2: Hyperparameters: horizonT, guidance scales! i , de-

noising diffusion stepsS
3: Input: start positionqst, end positionqe, N constraints

C1:N

4: Initialize qS
1:T � N (0; I )

5: for s = S : : :1 do
6: # Combining Different Energy Potentials Together
7: � comb =

P N
i =1 r q1: T E i

� (qs
1:T ; s; qst; qe; Ci )

8: # Transit to Next Diffusion Time Step
9: qs� 1

1:T = qs
1:T � 
� comb+ �; � � N

�
0; � 2

s I
�
.

10: end for
11: return q0

1:T

3.3 Composing Diffusion Potential Functions

Given two separate diffusion potential functionsE 1
� (�)

andE 2
� (�), encoding separate constraints in motion plan-

ning, we can likewise form a composite potential function
E comb(�) = E 1(�) + E 2(�) by directly summing the cor-
responding potentials. This potential functionE comb will
have low energy precisely at motion planning pathsq1:T

which satisfy both constraints, with sampling corresponding
to optimizing this potential function. To sample from the
new diffusion potential functionE comb, we can follow

qs� 1
1:T = qs

1:T � 
� comb+ �; � � N
�
0; � 2

s I
�
; (6)

� comb = r q1: T (E 1
� (q1:T ; s; qst; qe; C1) + E 2

� (q1:T ; s; qst; qe; C2))

This composite potential is the ground truth potential com-
bining constraints if the constraints are independent, which
is satis�ed if the set of trajectories given constraints are uni-
formly distributed (see Appendix A.4), and otherwise serves
as approximate proxy to optimize multiple constraints.

Applications of Composing Potential Functions. The
ability to combine multiple separate potential functions for
motion planning offers a variety of different ways to gener-
alize and extend existing motion planning systems. First, in
many motion planning problems, there are often a heteroge-
nous set of different types of constraints or collisions that
limit possible con�guration space paths. For instance, in
autonomous driving, constraints that can arise may include
moving pedestrians, traf�c lanes, road work, or incoming
cars. Oftentimes, we cannot enumerate all potential com-
binations, but we wish motion planning systems to be able
to handle all possible combination of constraints. Jointly
learning a single motion planning model for all constraints
may be dif�cult, as at test time, we may see novel combi-
nations that we do not have training data for. By learning
separate diffusion potential �elds for each constraint, we
can combine them in an ad-hoc manner at test-time to deal
with arbitrary sets of constraints. We provide two concrete
implementations of composing potentials together as below

Figure 3: Visualization of the Motion Re�ning Scheme. A
proposal plan is �rst generated by denoising an initial Gaussian
noise. If collision is detected, a small noise is added to the proposal
and the new plan is generated by denoising the partially noisy
trajectory.

and a detailed procedural in Algorithm 1.

Generalization over More Obstacles. Suppose that the
potential functionE � is trained on environments with 4
obstaclesjCj = 4 . However, in test time, we want to gen-
eralize to a more complex environment that has 6 obsta-
clesC0 = f o1; o2; o3; o4; o5; o6g. This can be achieved by
adding the potentials evaluated on two sets of obstacles,
whereC1 = f o1; o2; o3; o4g and C2 = f o3; o4; o5; o6g.
This formulation can be further extended toN sets of obsta-
clesC1:N and the composite diffusion potential function is
given by:

E comb
� (q1:T ; s; qst; qe; C1:N ) =

NP

i =1
E � (q1:T ; s; qst; qe; Ci ) (7)

Generalization over Static and Dynamic Obstacles.
Many real-life scenarios involvesdynamicreal-time inter-
action. For instance, to construct motion plan for an au-
tonomous vehicle, we must both avoid static lane obstacles
as well as moving cars. While static obstacles are often
known a priori, the motion patterns of dynamics obstacles
often change with time, making it advantageous to be able
to combine different dynamic constraints with static ones.
We can directly implement this by adding diffusion poten-
tial function E i

� s
that only trained on static obstaclesCs

i

and diffusion potential functionE j
� d

that only trained on
dynamic obstaclesCd

j . In a more general form, to condition
on a set ofN1 static obstaclesCs

1:N 1
with their potential

diffusion functionsE 1:N 1
� s

and a set ofN2 dynamicCd
1:N 2

obstacles with their potential diffusion functionsE 1:N 2
� d

, the
composite diffusion potential function is written as:

E comb
� (q1:T ; s; qst; qe; [Cs

1:N 1 ; Cd
1:N 2 ]) =

N 1X

i =1

E i
� s (q1:T ; s; qst; qe; Cs

i ) +
N 2X

j =1

E j
� d

(q1:T ; t; qst; qe; Cd
j )

(8)

3.4 Re�ning Motion Plans
In practice, the predicted motion planq1:T might occasion-
ally contains sections that violate the constraints of the
environment (i.e., collide with obstacles). To tackle this
issue, both classical and learned motion planners (Kuffner
& LaValle, 2000; Qureshi et al., 2019) provide mechanisms
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Algorithm 2 Re�ning Motion Plans

1: Model: compositional potential denoiser
f � (q1:T ; s; qst; qe; C1:N )

2: Hyperparameters: number of re�ne attemptsR, noise
scalek

3: Input: trajectoryq1:T , start positionqst, end position
qe, N constraintsC1:N

4: Z = Get Collision Sections (q)
5: for r = 1: : : R do
6: qk

1:T =
p

�� k q1:T + (1 � �� k )�; � � N
�
0; � 2

t I
�

7: q0 = f � (qk
1:T ; k; qst; qe; C1:N ),

8: for all zi 2 Z do
9: if is section good(q0[zi ]) then

10: q[zi ] = q0[zi ]; Z = Z n zi

11: end if
12: end for
13: end for
14: return q1:T

to re�ne trajectories subject to collisions in con�guration
space. With diffusion potential �elds, we can likewise re-
�ne a trajectory,q1:T with collision, by locally perturbing it
into a noisy trajectoryqk

1:T de�ned by thek-th step of the
diffusion forward process:

qk
1:T =

p
�� k q1:T + (1 � �� k )�; � � N

�
0; � 2

t I
�

(9)

as in (Ho et al., 2020). A new motion planq0
1:T can be ob-

tained by denoising the noisy trajectory following Equation
5, whereq0

1:T = f � (qk
1:T ; k; qst; qe; C1:N ) andf � (�) is an

iterative diffusion potential denoiser that output a clean tra-
jectory. To �x the problematic trajectoryq1:T , the collision
sections inq1:T will be replaced by the corresponding sec-
tions inq0

1:T if the new sections are coherent and collision-
free. This re�ning procedural can be repeated until a desired
trajectory is found. The warm-start denoising scheme can
enable faster re-planning and maintain the morphology of
the original plan, supporting planning on energy-critical
mobile devices or when the plan has been executed. Algo-
rithm 2 displays the complete re�ning pipeline and Figure 3
provides a corresponding visualization.

3.5 Probabilistic Completeness

In this section, we will show the probabilistic completeness
of our method. Letf � (q1:T ) denote the probability density
function of the output distributionDo of our diffusion model.
In such learned neural distribution, all data pointsq1:T are
assigned positive density, that is,

8q1:T ; f � (q1:T ) > 0 (10)

De�ne J c as the a set of all valid trajectories subject to
constraintC. There always exists a small interval in the
vicinity of a random trajectoryqc

1:T 2 J c, such that

[qc
1:T � �; q c

1:T + � ] � J c; � > 0; (11)

Figure 4:Environment Demonstration. Maze2D: a point robot
moving in 2D workspace with the highlighted blocks as obstacles.
KUKA: robotic arm with 7 DoF operating on a tabletop. The grey
cuboids are obstacles. Dual KUKA 14D: Two side by side KUKA
arms operate simultaneously.

i.e., all trajectories in the interval satisfy the given constraint
C. Let P� denote the probability for our model to sample a
trajectory from the interval, and according to equation 10
we have,

P� =
Z qc

1: T + �

qc
1: T � �

f (x)dx > 0 (12)

Let An denote the event that there is at least one trajectory
q1:T 2 J c amongn sampled trajectories. Clearly, as the
number of samples approaches in�nity, eventA will happen
almost surely, i.e.,

lim
n !1

P
�
An

�
= 1 (13)

Hence, our method is probabilistically complete.

4 Experiments
In this section, we �rst describe our environments and base-
lines in Section 4.1. Next, in Section 4.2, we discuss our
experiments on the base environments and the motion re-
�ning algorithm. Following, in Section 4.3, we present the
compositionality results by evaluating our motion planner
on composite environments. Then, we describe the real
world motion planning performance in Section 4.4.

4.1 Environments and baselines

We �rst classify the environments that we evaluated on to 3
categories by the level of generalization capability:

• Base Environment: same number of constraints as in
training, constraints sampled from the same distribution.

• Composite Same Environment:more constraints than
training phase, constraints sampled from the same distri-
bution.

• Composite Different Environment: more constraints
than training phase, constraints sampled from different
distributions.

Our simulated motion planning environments are listed be-
low and shown in Figure 4. See Appendix A.1 for more
details. In all environments, the motion planning task is to
generate a feasible trajectory from the start state to the goal
state.

Maze2D A point-robot moving in a 2D workspace. The
con�guration space is the x-y coordinate of the robot. We of-
fer two variants:Static Maze2Dwhere obstacles stay in the
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Figure 5:Quantitative Comparisons in Motion Planning Environments. Three metrics of three environments from 2D to 14D are
reported. From left to right: a) number of collision checks, b) success rate, c) planning time.

Figure 6: Qualitative Motion Plans in KUKA Environment.
Results of two motion planning problem are shown in two rows.
The large green/pink ball indicates the start/goal state. Our method
in the left column generates smooth and near-optimal trajectories,
while in row (a), the trajectory of M� Net chooses a longer route
from behind and gets stuck in some local regions, and in row
(b), M� Net cannot pass through the narrow passage and keeps
hovering near the start state.

same locations andDynamic Maze2Dwhere obstacles are
moving in randomly generated linear trajectories.KUKA
A KUKA arm of 7 DoF operating on a tabletop in a 3D
workspace. The start/goal is given as the 7D joint state of
the KUKA arm.Dual KUKA Two KUKA arms are placed
side by side on a tabletop and operating simultaneously. The
start/goal is given as the joint states of two KUKA arms (14
DoF).

Baselines. For non-learning motion planning methods,
our baselines includes a classic sampling-based planning
baseline RRT* (Karaman & Frazzoli, 2011), a sampling-
based method with potential functions based heuristic P-
RRT* (Qureshi & Ayaz, 2016), a more advanced sampling-
based method BIT* (Gammell et al., 2015) , a sampling-
based method for dynamic environments SIPP (Phillips &
Likhachev, 2011), and a traditional potential-based method
RMP (Ratliff et al., 2018). For learned motion planners, we

compare our method with: MPNet (Qureshi et al., 2019),
M� Net (Fishman et al., 2023), and AMP-LS (Yamada et al.,
2023). MPNet is trained on trajectories with sparse way-
points and use MLPs to encode environment con�guration
and predict the next robot state. M� Net is trained on dense
trajectory waypoints and predicts the movement vector in-
stead of the next robot state. AMP-LS encodes the robot
state into a latent feature and approaches the goal state by
iteratively using the gradient of several planning losses to
update the latent. A sequence of latents are then decoded
and form a trajectory. In evaluation, all the start/goal states
and environment con�gurations are unseen to the models.
For each experiment, we evaluate on 100 different environ-
ments with 20 randomly sampled starts and goals in each
environment. No re-training is performed in test time.

4.2 Performance on Base Environments

We �rst evaluate motion planning performance in each base
environment: randomly generated environments that follow
the same procedural generation pipeline as the training en-
vironments. Quantitative results are shown in Figure 5 and
Table 8. We include the full details of evaluation setup in
Appendix A.2.3.

Comparison to Sampling-based Planners. We set the
planning time limit to 5 seconds for all sampling-based
methods. Both RRT*, P-RRT*, and BIT* can succeed in
the base Maze2D environment. However, their success rates
suffers from a signi�cant degradation when the dimension
of the con�guration space increases. The planning time of
the sampling-based planners also rises dramatically as the
dimension of the problems increases. The success rate of
our method surpasses all baselines, achieving this in less
than 11% of BIT*'s planning time and requiring up to two
orders of magnitude fewer collision checks.

Comparison to Learning-based Planners. We also com-
pare to three learning-based motion planning baselines:
MPNet, M� Net, and AMP-LS. Our method outperforms
all baselines in both success rate and number of collision
check. In Dual KUKA, our method leads the state-of-the-art
learning-based planner M� Net by nearly 35% in success
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Figure 7:Qualitative Performance on Environments with Con-
cave Obstacles.Potential-based planning method RMP is prone
to local minima. BIT* is able to �nd a feasible solution, but the
trajectories are rough and require much longer planning time, es-
pecially for the harder problem in the second row. Trajectories
generated by our planner are both smooth and short in length.

rate while with less than 40% of its planning time and 7
times less of its collision checks. We also observe that
the performance of other planners drop quickly as the dif�-
culty increases, while our planner performs steadily across
all environments. Though the planning time of M� Net in
Maze2D is slightly shorter than ours, the gap is closing as
the dimension of the con�guration space increases, and in
Dual KUKA, our planner requires less planning time than
all baselines, probably due to the expensive cost of collision
checks and higher task complexity. Qualitative comparisons
are shown in Figure 6 and 18.

Environments with Concave Obstacles. We construct an
additional Maze2D environments where obstacles are con-
cave to demonstrate the capability of our learned potential
motion planner to avoid local minima. As shown in Figure
7, potential-based method RMP tends to get trapped in local
minima in environments �lled with concave obstacles. In
addition, while BIT* can �nd a feasible trajectory, it may
require up to 20 times more planning time compared to our
planner. More results are provided in Appendix A.3.4.

Motion Re�ning . We present quantitative and qualitative
results of re�ning motion plans, as shown in Table 1 and
Figure 3. The gain of re�ning motion plans increases as the

R = 3 R = 5 R = 10

Env Before After Before After Before After

Maze2D 96.3 99.8 95.3 99.0 95.8 100.0
KUKA 71.3 90.0 69.5 94.3 69.8 94.8

Dual KUKA 45.5 69.8 47.3 77.3 47.0 80.8

Table 1:Quantitative Results of Motion Plan Re�ning. Success
rates before and after motion re�ning are shown.R denotes the
number of re�ne attempts. The proposed re�ning method can
consistently boost success rates on three base environments.

Figure 8:Qualitative Compositional Generalization over More
Obstacles.Two models that trained on only 6 obstacles are com-
posed and tested on out-of-distribution environments with 7, 8, 9,
10, 11 obstacles, respectively.

Base Dynamic Static 1 + Dynamic Static 2 + Dynamic

M Suc Time Col Suc Time Col Suc Time Col

SIPP 69.9 32.2 1M+ 70.4 185.5 1.7M+ 74.0 98.7 1.3M+
Ours 99.5 0.13 168.8 96.6 4.31 828.6 97.5 4.23 646.4

Table 2:Quantitative Results on Base Dynamic and Static +
Dynamic on Maze2D.Static 1 and Static 2 refer to two different
static Maze2D environments. Our planner can generalize to envi-
ronments with both static and dynamic obstacles while only sepa-
rately trained on static environments or dynamic environments.

dimension of the environment increases. As in Table 1, the
success rate generally increases as we increase the number
of re�ning attemptsR, but the gain gradually saturates in
10 attempts. In this case, the proposed trajectory probably
suffers from a catastrophic collision and the model might
need to resample a trajectory from a pure noise.

4.3 Performance on Composite Environments

Composing Obstacles. We �rst evaluate the composition-
ality by adding obstacles to the environments. Qualitative
results of composite Maze2D environments are given in
Figure 8, where we train our model on 6 obstacles and eval-
uate on environments with up to 11 obstacles. Each orange
block represents an extra obstacle added to the test time en-
vironments. As we can see, the composed model effectively
proposes different trajectories according to the presented
obstacles by sampling from the composite potential. We re-
port the quantitative performance in Figure 9. More results
are shown in Appendix A.3.2.

Composing Multiple Constraints. We then investigate the
compositionality to combine two different diffusion poten-
tial functions together, (i.e., models trained on completely
different environments ). Speci�cally, we separately train
a model on 6 small obstacles (Static 1) and a model on 3
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Figure 9:Compositional Generalization.Quantitative compar-
isons of different planner on composite environments. The shaded
areas represent standard errors. Each graph's leftmost column
displays results for environments that contain the same number of
obstacles as encountered during training. By composing potentials
at test time, our method (red line) can generalize to environments
with much more obstacles than training time.

large obstacles (Static 2) and evaluate the composed model
on environments where both small and large obstacles are
presented. Quantitative results are shown in Table 12. More-
over, we compose the models trained on static environ-
ments with another model trained on dynamic environments.
Hence, we test the composed model on environments where
both static and dynamic obstacles are presented, namely
Static 1 + DynamicandStatic 2 + Dynamic. Quantitative
results are shown in Table 2 and the planning time limit for
SIPP is set to 60s/300s for base/composite dynamic environ-
ments. Please refer to Figure 14 and Figure 15 in Appendix
A.3.3 for more qualitative results.

4.4 Performance on Real World Dataset

Finally, we evaluate the effectiveness of our method on
the real world ETH/UCY (Pellegrini et al., 2010; Lerner
et al., 2007) dataset. The dataset we used consists of
6 scenes (ETH, Hotel, Zara01, Zara02, Students01, Stu-
dents03), where each scene contains human trajectories in
world-coordinates collected by manual annotation from bird-
eye-view camera. Our focus is to investigate if our model
can propose successful trajectories given the start and goal
locations of an agent in a random, cluttered street-level
real-world interaction. Speci�cally, the planner is trained
to predict the trajectory of the agent (highlighted in red),

Figure 10: Qualitative Real World Motion Plans, Hotel Scene.
The composed model provides long-horizon motion plan that avoid
10 pedestrians, while only trained on 5 pedestrians. In column (a)
and (b), the composed plan is aware of P1 (cyan) and P6 (pink)
and overtakes them from above, while the baseline model runs into
them. In column (c), the composed motion plan chooses to move
faster so as to pass through the intersection with P7 (brown) before
P7 arrives, but the baseline motion plan results in a collision due
to its slower speed. In column (d), the composed plan choose to
go upward to avoid the oncoming P8 (black).

conditioned on the trajectories of 5 other pedestrians. The
training data contains 5 scenes and the held-out scene is
used for evaluation. In Figure 17, we present the qualita-
tive results where 5 other pedestrians are presented. We
also evaluate on 10 presented pedestrians by composing
two potential functions each constrained by 5 pedestrians,
as illustrated in Figure 10. Details settings and qualitative
results are presented in Appendix A.3.5.

5 Discussion
Limitations. Our existing formulation of potential based
diffusion motion planner has several limitations. First, al-
though our motion trajectory is accurate, it is often sub-
optimal, e.g., there exists a shorter path from start to goal.
This may be addressed by adding an additional potential to
reach the goal as soon as possible. Second, our approach
to composing potentials scales linearly with the number of
composed models, requiring signi�cantly more computation
power with additional models. This can remedied by having
different potential operate on shared features in a network.

Conclusion. In this work, we have introduced a potential
based diffusion motion planner. We �rst formulate our po-
tential diffusion motion planner and describe its connections
and advantages over traditional potential based planner. We
illustrate the motion planning performance of our approach
in terms of success rate, planning time, and the number
of collision checks over motion planning problems with
dimension of 2D, 7D, 14D. We further illustrate the compo-
sitionality of the approach, enabling generalization to both
new object and new combinations of motion constraints.
Finally, we illustrate the potential of our work on real world
scenes with multi-agent interaction.

8


