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Abstract— Constrained Motion Planning (CMP) aims to find
a collision-free path between the given start and goal configu-
rations on the kinematic constraint manifolds. These problems
appear in various scenarios ranging from object manipulation
to legged-robot locomotion. However, the zero-volume nature of
manifolds makes the CMP problem challenging, and the state-
of-the-art methods still take several seconds to find a path and
require a computationally expansive path dataset for imitation
learning. Recently, physics-informed motion planning methods
have emerged that directly solve the Eikonal equation through
neural networks for motion planning and do not require expert
demonstrations for learning. Inspired by these approaches, we
propose the first physics-informed CMP framework that solves
the Eikonal equation on the constraint manifolds and trains
neural function for CMP without expert data. OQur results
show that the proposed approach efficiently solves various CMP
problems in both simulation and real-world, including object
manipulation under orientation constraints and door opening
with a high-dimensional 6-DOF robot manipulator. In these
complex settings, our method exhibits high success rates and
finds paths in sub-seconds, which is many times faster than the
state-of-the-art CMP methods.

I. INTRODUCTION

Constrained Motion Planning (CMP) is a challenging
problem that aims to find a robot motion path between the
given start and goal configurations such that the resulting
path is collision-free and adheres to the given kinematic
constraints. These kinematic constraints induce a thin mani-
fold of zero volume inside robot configuration space, making
finding a path solution challenging. Surprisingly, kinematic
constraints appear in a variety of scenarios [6] ranging
from object manipulation to solving robot locomotion tasks.
Despite widespread applications, the existing solutions to
solving CMP are limited by their computational inefficiency.

The existing solutions to CMP broadly comprise opti-
mization, sampling, and learning-based methods. The first
set of methods defines constraints within a differentiable
cost function and uses numerical optimization to find a
path [1], [4], [8], [13], [27], [28], making them susceptible
to local minima. The second category is sampling-based
motion planning (SMP) [2], [5], [9], [11], [12], [15]-[19],
[30], [32] which randomly sample the constraint manifolds
and construct a graph for finding a path solution. Due
to random sampling, these methods are computationally
expensive and can take significant planning times to find a
path. The modern techniques [20], [24], [25] leverage deep
learning to approximate a sampler for generating samples
on and nearby constraint manifolds for the given start and
goal configurations. These samples are then given to SMP
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methods for planning. However, these methods require expert
training data of motion paths on the manifolds for training.
Such a dataset is usually gathered by running classical SMP
methods, which leads to significant computational overload
for training such learning-based approaches.

Recent advancements have led to Physics-Informed Neu-
ral Networks (PINN) that learn by directly solving Partial
Differential Equations (PDE) representing a physical system
[26], [29]. The PINN has also been extended to solving
robot motion planning problems under collision avoidance
constraints [22], [23]. These methods do not require training
data comprising robot motion paths and, instead, learn to
solve the Eikonal equation for path planning. Their results
demonstrate that these methods outperform prior approaches
in terms of computation times, provide high success rates,
and scale to high-dimensional settings such as the 6 degree-
of-freedom (DOF) robot arm. However, these PINN-based
methods for motion planning have yet to be extended to
solving CMP problems that induce kinematic constraints in
addition to collision avoidance.

Inspired by the abovementioned developments, this paper
presents the first PINN-based method called constrained
Neural Time Fields (C-NTFields) for solving CMP problems.
Specifically, we extend the Eikonal equation formulation to
incorporate kinematic constraints and demonstrate its appli-
cation to training neural networks without expert training
motion paths to solve CMP problems. We showcase our
approach to tackling complex CMP tasks in simulations
and the real world with a 6-DOF robot arm. These tasks
involve challenges like handling objects with specific orien-
tations and opening doors. Our results show that our method
outperforms previous methods by a significant margin in
terms of computational speed, path quality, and success rates.
Furthermore, we also demonstrate that the data generation
time for our method is a few minutes compared to the hours
needed to gather path trajectories for traditional imitation
learning-based neural planners.

II. RELATED WORK

In this section, we discuss the three major categories
of existing CMP methods. The optimization-based methods
[1], [8], [13], [27], [28] incorporate constraints into cost
function and leverage numerical optimization for solving
CMP tasks. However, these approaches weakly satisfy the
kinematic constraints and are prone to local minima. A recent
approach [4] solves trajectory optimization directly on the
constraint manifold, but their application to high-dimensional
CMP tasks has yet to be investigated.
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In contrast to optimization-based methods, the SMP meth-
ods [17]-[19] have been widely investigated in a wide range
of CMP problems. These methods rely on various sampling
techniques to generate robot configuration samples on the
constraint manifold and build a graph or tree for path
planning. The existing sampling techniques within traditional
SMPs rely on projection- or continuation-based operators [3],
[11], [15], [16]. The former projects the given sample to the
manifold using iterative inverse kinematics-based numerical
projection. The latter defines tangent spaces to approximate
the manifold piecewise by forming an atlas. Hence, each
manifold configuration can be linearly projected along the
tangent space and mapped to the underlying manifold. These
sampling approaches have been incorporated into various
SMP methods, including PRMs and RRT-Connect. The mod-
ern SMP methods, such as RRT* and its variants, are usually
not considered in CMP due to the high computational cost
induced by their rewiring heuristic for optimal path planning.
Even without optimal planning, the computational times with
basic RRT-Connect and PRMs in solving CMP problems are
still significantly high.

Recently, a learning-based method called Constrained
Motion Planning Networks X (CoMPNetX) [24], [25] has
been introduced for CMP. This method uses neural networks
(NN) to generate robot configuration samples on and near
manifolds for the underlying planner X (e.g., X= RRT-
Connect). These NN are trained using imitation learning with
the dataset of paths gathered from executing SMP planners
in given CMP problems. Once trained, the NN generates
samples in unseen but similar CMP problems as training
data. Although this method exhibits fast planning speed at
test time, the significant computational training load makes
it less ideal as the total time to gather such training data
surpasses the computational benefits at run time. Meanwhile,
learning-based methods are also used for learning constraint
manifolds [31] and for trajectory generation on constraint
manifolds through reinforcement learning [21] and optimiza-
tion method [14]. However, these methods consider relatively
simple scenarios with few obstacles, and their scalability to
complex settings is yet to be explored. In this paper, we
propose the PINN-based CMP method, which provides fast
computational speed at test time in complex environments
and does not require expensive training trajectories from
classical planners for learning.

III. BACKGROUND

In this section, we present our problem definition along
with notations used to describe the proposed approach.

A. Problem Definition

Let the robot configuration space (C-space) and its sur-
rounding environment be denoted as Q € R and X ¢ RY,
respectively. The m and d indicate the respective dimensions.
The obstacles in the workspace are designated as X,ps,
leading to obstacle-free space defined as Xpree = X N\ Apps.
This workspace obstacles map to robot C-space, yielding ob-
stacle and obstacle-free space denoted as Qgps and Qfyee =

Q \ Qups, respectively. The objective of solving the robot
motion planning problem is to find a path, o = {qo, -, g7}, in
an obstacle-free configuration space that connects the given
start, qo € Qfree, and goal, gr € Qfree, i€, 0 C Qfpee.
The CMP problem extends the standard motion planning
problem by incorporating additional kinematic constraints.
These constraints induce a thin manifold inside the robot
C-space, which is denoted as M c Q. Like the C-space,
the manifold also comprises the obstacle, M s € Qops, and
obstacle-free space, M free € Qfree. Finally, the objective
of CMP is to find a robot motion path, o = {qo,"*,qr},
between the given start, g € M y,cc, and goal, g7 € Myyce,
such that o ¢ M ¢yce.

B. Eikonal Equation Formulation

The Eikonal equation is a first-order non-linear PDE that
finds the shortest arrival time T'(qo, ¢r) from ¢g to g7 under
the speed constraint S(gr) as follows:

< = IVarT(qo0,q7)]| )]
S (qT) H qar ( )H
where the V.7 (qo,gr) is the partial derivative of arrival
time with respect to gr. Recently, NTFields [22] extended
the Eikonal formulation for path planning by formulating the
arrival time in the following factorized form:

||QO —QTH
T(QO,QT)

where the factorized time field is denoted by 7(qo, g7 ). In the
NTFields framework, given start and goal points as input, the
neural network outputs the factorized time field 7 between
them, from which the speed is predicted using Equation 1.
The ground truth speed is calculated using the following
predefined model:

T(qo,qr) = 2

Sconst

S*(q) = 7

X Chp(dc(p(Q)a Xobs)7d7nin7d7nam) (3)

max

where d,i, and d;,q. are the predefined distance thresholds
for the function d.(-,-) which returns the minimal distance
between robot surface points p(q) at configuration ¢ and
the environment obstacles X,;5. The robot surface points are
computed using forward kinematics, and the s..,,s; 1S a pre-
defined speed constant. To find the shortest arrival time, the
robot moves in the high-speed free space region and avoids
the low-speed obstacle region. Finally, the NTFields neural
framework, predicting factorized arrival time, is trained using
the isotropic loss function between predicted S and ground
truth S*. The NTFields framework and its recent variant
solve the motion planning problem under collision avoidance
constraints. Our proposed framework in this paper can be
seen as an application of NTFields to solving CMP problems
without expert training path datasets.

IV. PROPOSED METHOD

This section formally presents our PINN framework for
solving the CMP problem. Recall that the NTFields required
robot configuration samples, the Eikonal equation formula-
tion, speed definition, and strategies to leverage the predicted
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time field to compute the gradient steps for path generation.
We discuss these individual components and their adaptions
to solve CMP problems as follows:

A. Manifold Configuration Sampling

We formulate the kinematic constraints using implicitly
defined Task Space Regions (TSR). A TSR comprises two
SE(3) transformation matrices, i.e., T?D and T, and a bound
matrix BY. The T, transforms from global coordinate to
TSR frame w, also known as the object frame, whereas
the TY provides an end-effector offset in frame w. The
constraint manifold follows the equality constraint by an
implicit function f(T%) = 0. Finally, the bound matrix,
BY, is a 6 x 2 matrix in TSR’s coordinate frame w, and it
formalizes the translational and rotational ranges of a TSR.
These ranges are specifically chosen for different constraints.
In our setting, we implicitly define this range by the distance
of T from the constraint manifolds, i.e., |f(T )| < 4,
where § is a positive threshold, and ||f(T% )| represents the
distance to the manifold which will be used for the following
sampling and speed definition procedures.

Furthermore, we directly sample on the TSR f(T%) = 0
and use inverse kinematics to determine robot configurations
on the manifold. Let’s name them manifold configurations.
We also add random perturbations to manifold configura-
tions to gather off-manifold robot configurations and use
the rejection strategy to gather samples within the implicit
range. Using the sampling procedure described above, we
generate a dataset of randomly sampled start and goal robot
configurations, including cases of both on-manifold and off-
manifold samples.

B. Expert Speed Model for Constraint Manifold

The expert speed model defines the desired speed value
of a given robot configuration, ¢, based on kinematic and
collision avoidance constraints. The objective is to assign
a maximum speed value to configuration samples on the
collision-free constraint manifold, M .., and a lower speed
value to collision and off-manifold samples. Let a function
d(q, M, X,ps,€) determine the distance of a given configu-
ration, ¢, from the collision-free constraint manifold, and e
be a predefined safety margin around obstacles. We define
this function as:

d(qa Xobss 6) = maX(dM(Q)» €— dc(SDF(Q)a Xobs)) 4

In the above formulation, the distance d 4 measures the
distance of a given configuration to the constraint manifold.
We compute this distance following the f(-). Moreover, the
function d. determines the minimum distance of a given
robot configuration from the obstacles. To achieve d., we
define the Signed Distance Functions (SDF) of the robot.
These functions provide a value of zero, positive, or negative
depending on whether a given obstacle point is on the robot
surface, outside the robot, or inside the robot, respectively.
Furthermore, we compute the robot’s SDF at configuration
q using the function SDF'. Finally, for these SDFs, the
function d. returns the minimum distance of the robot

from the obstacles. The two distance functions, (daq,d.),
and safety margin, € are combined using the max operator.
The safety margin allows slow-speed maneuvering around
obstacles, which is usually preferred over sharp turns offered
by traditional planners. Moreover, in Eq. 4, if the distance
of collision surpasses the margin and creates a negative
term € — d., the max operator will return the distance to
the manifold since it is more important as the configuration
is already far from the obstacle. Furthermore, note that the
above distance function differs from the distance function
used by NTFields, which only uses the distance from the
obstacles to define their speed model. Next, we define our
speed model based on distance function d as follows:

2
5"(q) =exp(—W), (5)
where A € R* is a predefined scaling factor. This speed
model uses the negative exponential, which smoothly decays
as the distance of the robot configuration from the collision-
free manifold increases. In contrast, NTFields employs the
clip function in their speed model to bind the minimum
and maximum speed based on the robot’s distance from
the obstacles. Such a function cannot define the constraint
manifold’s speed model as the objective is to have a higher
speed on the collision-free manifold and lower everywhere
else, including the non-manifold, obstacle-free space.

C. Eikonal Equation Formulation

The Eikonal equation is ill-posed, i.e., the solution of Eq.
1 around low-speed regions is not unique. Since kinematic
constraint manifolds are of infinitesimal volume, this ill-
posed nature of the Eikonal equation significantly affects
PINN’s performance. Recently, the progressive NTFields
[23] approach introduced a viscosity term based on Laplacian
into Eikonal formulation, leading to a semi-linear elliptic
PDE with a unique solution.

— = T A, T 6
S(QT) HVQT (QOJT)H*’? qr (QO7qT)a ()

where 17 € R is a scaling coefficient. The chain rule expansion
of the above equation becomes:

S(qr) =
1

[7'2((10, qr) —27(qo, qr)(qr — qo0)-
VarT (g0 q7) + |90 — qr|**
quoT(QOaQT)H2]/7—4(907QT)(7)

8¢ 7(qo,qr) +

We use the above formulation in our setting to overcome
the challenges induced by the thin constraint manifold.
Furthermore, similar to [23], we use Ay, 7(qo, gr) instead of
Ay, T(qo,qr) for computational simplification. Finally, the
above equation has a unique solution and aids in training our
PINN to represent constraint manifolds successfully.

D. Neural Network Architecture

Our neural architecture is similar to progressive NTFields
methods [23]. In summary, our framework can be formalized
as follows:
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7(q0,97) = 9(v(F (a0, 2)) @7 (F(ar, 2)))  (8)

In the above formulation, F is the Fourier transform-based
environment and C-space encoder. It takes as an input
the start and goal configurations, (go,qr), and pre-defined
environment latent code Z, and outputs the high-frequency
Fourier features:

F(qo, Z) = [cos(2nZT q0),sin(2mZ7 ¢9)]

Flgr,Z) = [cos(2nZ  qr),sin(2r 27 qr)]
The output features, (F(qo, Z), F(qr,Z)), are then further
embedded by a ResNet-style encoder, v, with skip connec-
tions [10]. Next, a symmetry operator, &, combines the
features using the max and min operators. For instance,
some arbitrary inputs, ¢ and b, are combined as a @b =
[max(a,b), min(a,b)] and [-] is a concetenation operator.
The advantages of using a symmetric operator are discussed
in [22], which are that it maintains the symmetric property
of arrival time, i.e., the arrival time from start to goal and
from goal to start must be the same. Finally, the arrival time
neural network, g, takes the symmetrically combined features
and outputs the 7(qo,gr). This module also leverages the
ResNet-style neural network with skip connections. The skip
connection aids in the smooth gradient flow as highlighted
in earlier works [22]. Finally, using the auto-differentiation,
we compute the gradient V,,.7(go,¢r) and the Laplacian
Ay, 7(qo, qr) to determine S(qo) and S(qr), as described
in Eq. 7.

©))

E. Training Procedure

Given the start and goal configuration samples dataset
generated on the manifolds and nearby, we train our above-
mentioned neural network framework in an end-to-end man-
ner. The NN module takes as an input the environment
embedding (Z), the start and goal configurations (qo,qr),
and outputs the factorized time 7(qo, ¢r). This factorized
time is then used to predict the speed using Equation X.
In addition, we also compute the ground truth speed using
Equation 7. Finally, the NN can be trained by minimizing
the following isotropic loss between the predicted and ground
speed at the given configurations:

SE(@)(QO)/S(QO) + S(Q(J)/S,E(e)(qo)Jr

Saey(ar)/S(ar) + 5(qr)/Shey (ar) -4
Furthermore, we use the progressive speed scheduling ap-
proach to train our networks and prevent them from con-
verging to incorrect local minima. The scheduling approach
gradually scales down the ground truth speed from higher to
lower value over the training epoch, e, using the parameter
B(e), ie., S;(e)(q) =(1-8(e))+6(e)S*(q). This approach
has already been demonstrated to overcome the complex loss
landscape of physics-based objective functions and leads to
better convergence in low-speed environments such as those
with thin manifolds. Additionally, we employ a random batch
buffer strategy to train our PINN method. This contrasts
NTFields and P-NTFields, which process the entire dataset
for each training epoch, leading to prolonged training times.
However, our findings suggest that selecting a random,

(10)

smaller data batch for each training epoch is a more efficient
and effective approach.

F. Planning Procedure

Once our NN modules are trained, we use the planning
pipeline similar to the NTFields method. We begin by
computing the factorized arrival time using NN, 7(qo,qr),
required to travel from the starting point gg to the destination
point g7. Next, 7 factorizes Eq. 2 and 1 to compute T'(qo, g7)
and speed fields S(qo),S(gr). Finally, the start and goal
configurations are bidirectionally and iteratively updated
toward each other until the terminal limit is reached, i.e.,
lgo — gr| < 74 to find a path, i.e.,

Q0 < qo - S*(q0) Vs, T(q0, qr)
qr < qr = OéSZ(QT)VéTT(CImCIT)

where parameter « € R is a predefined step size and r, € R is
predefined the goal region. Besides, in contrast to NTFields,
where the gradient is only tangential, in the case of CMP,
the gradient has two components, tangential and normal, due
to the curved nature of the manifolds. Therefore, we select
the tangential component V* to move along the manifold for
path planning.

(1)

V. EVALUATION

In this section, we assess the performance of our method
through three sets of experiments. First, we employ ablation
analysis to illustrate the efficacy of our novel speed model
for representing constraint manifolds. Second, we conduct
comparative experiments to evaluate our method against
several state-of-the-art CMP baselines. Third, we analyze
the data generation and training times of all learning-based
methods. These experiments encompass the four problem set-
tings: (1) A complex Bunny-shaped setting with 2D surface
mesh in 3D space (Fig. 1); (2) A geometrically constrained
manifold in 3D space with and without obstacles (Fig. 2); (3)
A door-opening task with 6-DOF URS5e robot manipulator
(Fig. 3); (4) An object manipulation task under orientation
constraints with 6-DOF URS5e robot in intricate, narrow-
passage cabinet environments (Fig. 3). For manipulator sce-
narios, we evaluate both the simulation and the real-world
environments. Furthermore, we perform all experiments on
a computing system with 3090 RTX GPU, Core i7 CPU,
and 128GB RAM. Finally, the baseline methods and the
evaluation metrics are summarized as follows:

Baselines:

o HM: The heat method (HM), a diffusion-based method
[7] that discretizes the given C-space manifold and
solves the Eikonal equation for path planning.

o CBiRRT: Two trees grow from the start and the goal
towards each other with the projection-based method
that adheres them to the constraint manifold [3].

o CoMPNetX: CoMPNetX provides informed samples
for the underlying planner (e.g., RRT-Connect) to solve
CMP. We chose Atlas as their constraint-adherence
method due to its best performance in CoMPNetX
experiments [25].

12182



)

g
e

length

time (sec) margin sr(%)
Ours 0.06 +0.05 3.68+1.12 0.06+0.03 90
P-NTFields 0.05+0.05 3.79+3.29 0.10+0.03 79
HM 0.05+0.00 3.82+1.18 0.00+0.00 100

Fig. 1: From left to right images show the paths by our
method (orange), P-NTFields (red), and HM (yellow). The
statistical results are based on this environment’s 100 differ-
ent starts and goal pairs.

o P-NTFields: P-NTFields solve the Eikonal equation
and do not require expert training data [23]. Although
P-NTFields do not consider manifold constraints, we
still use its speed model for evaluation purposes.

Evaluation Metrics:

o Time: The time (in seconds) for a planner to find a
valid path.

o Length: The path distance as the sum of Euclidean
distance between its waypoints.

o Margin: The distance of waypoints to the constraint
manifolds.

o Success rate: The percentage of valid paths found by
a planner.

A. Abalation Analysis

This section analyzes our method’s performance on a 2D
surface mesh manifold (Bunny). We compare it with P-
NTFields as ablation and HM as ground truth. Fig. 1 shows
paths on the Bunny mesh of all methods, with the table
providing their statistical comparison. From the paths in
Fig. 1, our method gets similar results to HM. However,
P-NTFields penetrates the manifold.

Furthermore, from the table in Fig. 1, it can be seen that
our method exhibits similar performance as ground truth
method HM and has a higher success rate and lower margin
to the manifold than P-NTField. This validates that our
speed model design is suitable for constraint motion planning
compared to the speed model definition in P-NTFields, which
only applies to collision-avoidance constraints. Although
HM works well for surface mesh examples, it requires
discretization of the C-spaces and thus cannot generalize to
higher dimensional robot settings. Therefore, we exclude HM
and P-NTFields in the remainder experiment analysis.

B. Comparison Analysis

This section compares our method and other baselines on
2D geometric constraint manifold in 3D space and 6-DOF
manipulator environments.

Geometric Constraints in 3D Space: Our geometric con-
straints setting includes three 2D manifolds in 3D space from
[9]. These manifolds are defined by parametric functions
with paraboloid and cylinder shapes. We evaluate all methods

|
N N
time (sec) length margin sr(%)
w/o obstacle

Ours 0.09+0.00 14.32+0.00 0.02+0.00 100
CBiRRT 1.59+0.09 14.70+0.71 0.00+0.00 100
CoMPNetX 0.38+0.04 14.79+1.26 0.00+0.00 100

w obstacle
Ours 0.12+0.00 17.32+0.00 0.11+0.00 100
CBiRRT 1.10+£0.09 16.66+1.34 0.00+0.00 100
CoMPNetX 0.49+0.12 16.80+1.81 0.00+0.00 100

Fig. 2: Without obstacles (left) and with obstacles (right) in
3D geometric constraint environments. The paths shown are
from our method (orange), CBiRRT (pink), and CoMPNetX
(green). The table shows the statistical results for different
start and goal pairs in these settings.

on these manifolds with and without box obstacles. We use
the same setting in [9] and choose 10 random seeds for SMP
methods, while our method is deterministic. Fig. 2 shows the
paths of all presented methods with a table presenting the
statistical comparison. All methods achieved 100% success
rate. However, it can be seen that the computational time of
our method is about 3x and 10x faster than CoMPNetX and
CBiRRT, respectively. Besides, our method does not require
expensive data for learning, whereas CoMPNetX is trained
using expert demonstration paths via imitation.

Door Opening and Object Manipulation: These two
tasks, defined by distinct manifolds, are solved through a 6-
DOF URSe Manipulator in both simulation and real-world
settings. The door-opening task requires a robot to open the
door from the current position to the open position. On the
other hand, the object manipulation task imposes orientation
constraints and requires the robot to maintain the object
upright, i.e., without tilting, while moving it from a given
start to the goal. We chose a challenging cabinet with narrow
passages as our environment for these two tasks, which
imposes significant motion planning challenges in terms of
collision avoidance and manifold constraints.

Table I compares our method, RRT-Connect, and CoMP-
NetX in the above-mentioned scenarios. For the object
manipulation task, all methods have similar success rates
and path lengths. However, our method is about 48x faster
than CBiRRT and 15x faster than CoMPNetX in terms of
computational times. For the door-opening task, since the
constraint is relatively simple, all methods achieve similar
results. Although our method exhibits a slight margin from
the constraint manifold while others are strictly zero, this is
because we do not use a hard constraint adherence approach
on top of our framework. In contrast, other baselines, i.e.,
CoMPNext and CBiRRT, use an atlas and projection operator
that generates samples on the manifold. In summary, it can be
seen that our method outperforms both traditional and imita-
tion learning-based methods on complex, high-dimensional
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Start

Intermediate

Goal

open door

move cup

Fig. 3: Two different real-world manipulator cases: the first row shows the door opening task, whereas the second shows
the manipulator moving an object from the cabinet’s top shelf to the lower shelf by crossing two relatively thin obstacles.

time (sec) length margin sr(%)
move cup
Ours 0.14+0.11 2.32+1.21 0.04+0.03 92
CBiRRT 6.77+6.40 2.44+1.72 0.00+0.00 92
CoMPNetX 2.12+0.92 243+1.56 0.00+0.00 94
open door
Ours 0.05+0.01 1.32+0.67 0.05+0.05 100
CBiRRT 0.06 £0.02 1.30+0.62 0.00+0.00 100
CoMPNetX 0.05+0.01 1.29+0.65 0.00+0.00 100

TABLE I: The statistical results show 100 and 30 different
starts and goal pairs for manipulating objects under orienta-
tion constraints and opening doors, respectively.

scenarios by directly learning to solve the Eikonal equation
without any expert path dataset.

Fig. 3 shows our method’s executions in real-world ex-
periments. The environment was scanned via the RealSense
sensor. The first row shows the snapshots of opening the
door of the cabinet. This case took 0.06 seconds. The second
row shows snapshots of moving a cup of cola across cabinet
shelves: the manipulator moving from the cabinet’s top shelf
and crossing two relatively thin obstacles to another corner of
the cabinet. This case took 0.15 seconds. We also provide a
complete task execution video of opening a door and moving
an object under orientation constraints between multiple
starts and goals in our supplementary material.

C. Data Generation and Training Time Analysis

Table II shows the data generation and training times of
our method, P-NTFields, and CoMPNetX. Our data genera-
tion time is significantly low, similar to P-NTFields, as we
only need to compute robot samples and their distance to the
manifold. In contrast, CoOMPNetX requires expert trajectories
from a classical planner and takes several hours in data
generation for supervised learning. For the training time, P-

Generation Time Bunny Geometric Manipulator
Ours 3s 3s 600s
P-NTFields 3s - -
CoMPNetX - 0.8h 12h
Training Time Bunny Geometric Manipulator
Ours 2.5h 2.5h 4.5h
P-NTFields 8h - -
CoMPNetX - 1h 3h

TABLE II: Data generation and training times of our ap-
proach, P-NTFields, and CoMPNetX in different scenarios.

NTFields take the longest time as it process the entire dataset
for each training epoch. In comparison, our method training
times are much lower than P-NTFields and somewhat similar
to CoMPNetX due to our efficient mini-batches training
during each epoch.

VI. CONCLUSIONS AND FUTURE WORK

This paper presents the first physics-informed neural ma-
nipulation planning framework that finds paths on the kine-
matic constraint manifolds. Unlike the imitation learning-
based method for CMP, which takes expert data, we show
that our framework does not require expert demonstration
path data and instead directly learns by solving the Eikonal
equation. This leads to data generation times of a few
seconds compared to hours for prior methods. Finally, our
results also show that the proposed method is about 48x
and 15x faster than classical and imitation-learning-based
CMP methods in computation times in high-dimensional
complex scenarios, including real-world object manipulation.
In our future work, we aim to extend our approach to handle
multimodal constraints, which often appear in legged robot
locomotion tasks under contact dynamics.
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