Towards Generalizable Motion Planning: Efficient and Safe Learning-Based

Frameworks

by

Mehran Ghafarian Tamizi
M.Sc., University of Tehran, 2020
B.Sc., Ferdowsi University of Mashhad, 2017

A Dissertation Submitted in Partial Fulfillment of the

Requirements for the Degree of

DOCTOR OF PHILOSOPHY

in the Department of Electrical and Computer Engineering

(© Mehran Ghafarian Tamizi, 2025

University of Victoria

All rights reserved. This dissertation may not be reproduced in whole or in part,

by photocopying or other means, without the permission of the author.

We acknowledge and respect the Lafiwaqan (Songhees and X"sepsom/

Esquimalt) Peoples on whose territory the university stands, and the

Lakwaljan and WSANEC Peoples whose historical relationships with
the land continue to this day.



Towards Generalizable Motion Planning: Efficient and Safe Learning-Based

Frameworks

by

Mehran Ghafarian Tamizi

M.Sc., University of Tehran, 2020
B.Sc., Ferdowsi University of Mashhad, 2017

Supervisory Committee

11

Dr. Homayoun Najjaran, Supervisor

(Department of Mechanical Engineering )

Dr. Elizabeth Croft, Departmental Member

(Department of Electrical and Computer Engineering)

Dr. Hong Chuan Yang, Departmental Member

(Department of Electrical and Computer Engineering)

Dr. Teseo Schneider, Outside Member

(Department of Computer Science)



11



v

ABSTRACT

Robotic motion planning remains a fundamental challenge in industrial automa-
tion, with manipulators offering a clear example of the need for real-time, collision-
free, and safe trajectory generation. Traditional planners often face trade-offs among
optimality, adaptability, and computational efficiency, limiting their applicability in
cluttered and high-dimensional industrial environments. Furthermore, most learning-
based planners suffer from poor generalization, requiring retraining when deployed in
new scenes or on different robot platforms. This thesis presents two learning-based
frameworks designed to address these challenges. First, the Path Planning and Col-
lision Checking Network (PPCNet) is introduced, an end-to-end neural architecture
that combines a waypoint generator with a learned collision checker to enable fast,
safe, and reliable planning in structured environments. PPCNet is validated in both
simulated and real-world bin-picking tasks, demonstrating substantial speedups over
classical planners while maintaining path quality. To overcome the generalization
limitations of PPCNet, Generalizable and Adaptive Diffusion-Guided Environment-
aware Trajectory generation (GADGET) is proposed, a conditional diffusion-based
motion planner guided by control barrier functions. GADGET leverages voxel-based
scene encoding and goal conditioning to generate safe trajectories across previously
unseen environments and robotic arms without retraining. The integration of barrier-
function-based guidance enables robust collision avoidance during trajectory gener-
ation. Extensive experiments demonstrate that both frameworks achieve real-time
planning performance and high success rates, with GADGET offering strong gen-
eralization to novel settings. This work highlights the potential of combining deep
generative models with adaptable design to create scalable and broadly generaliz-
able motion planners, capable of transferring across diverse environments and robot

platforms with minimal modification.
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Chapter 1

Introduction: Motivation and

Objectives

1.1 Importance of Motion Planning

Motion planning is a fundamental problem in robotics and artificial intelligence, con-
cerned with generating collision-free and dynamically feasible trajectories for robotic
systems subject to various task constraints. An ideal motion planner guarantees com-
pleteness (finding a solution whenever one exists) and optimality (finding the best
possible path), while operating efficiently in real time and remaining robust against
complex environments [4].

In industrial robotics these capabilities are crucial. Manipulator arms must safely
and efficiently navigate cluttered workspaces under tight cycle time requirements and
varying task layouts. As robots are increasingly deployed in flexible and complex pro-
duction settings, the demand for planners that are both safe and adaptive continues

to grow.



1.2 Challenges and Research Gaps

Despite extensive progress, existing motion planning approaches still face several fun-

damental challenges.

Computational Efficiency

Classical planners such as sampling based algorithms (for example RRT variants)
can find feasible paths but are often slow and can get trapped in local minima when
operating in high dimensional or cluttered environments. Optimization based meth-
ods can produce smooth trajectories but require long computation times or careful

parameter tuning for each scenario.

Limited Generalization of Learning Based Methods

Recent learning based planners can generate motions faster than classical methods,
yet they typically overfit to their training environments. A model trained for one
workspace or robotic arm often fails when confronted with even moderate changes,
such as new obstacle layouts or different kinematic structures. This necessitates costly
retraining or fine-tuning for every new setup.

These limitations highlight an important gap: the absence of a motion plan-
ning framework that is simultaneously efficient, safe, and generalizable across diverse

robots and workspaces without retraining.

1.3 Contributions

This dissertation introduces two complementary frameworks, PPCNet and GAD-
GET, that together address these challenges by combining deep learning efficiency,

generative modeling flexibility, and safety aware design.



Path Planning and Collision Checking Network (PPCNet)

PPCNet is an end-to-end deep learning framework designed for real time and safe

motion planning in structured industrial environments.

e [t introduces a dual network architecture that integrates a waypoint generator

with a learned collision checker.

e The collision checker replaces traditional geometric collision detection with a
fast data driven alternative, greatly accelerating planning while maintaining

safety.

e A post processing refinement step further smooths and shortens planned paths,

improving path quality and efficiency.

PPCNet addresses the computational inefficiency of classical planners by learning
to predict both path feasibility and safety jointly, achieving millisecond-level planning

with accuracy comparable to state of the art methods.

Generalizable and Adaptive Diffusion Guided Environment Aware

Trajectory Generation (GADGET)

GADGET extends beyond efficiency to address the problems of generalization and

safety in unseen environments.

e It employs a voxel based scene representation reconstructed from multi view

depth sensing, enabling the planner to reason about workspace geometry.

e Through dual phase conditioning, GADGET integrates two complementary
forms of guidance during trajectory generation. The first phase performs task

and environment conditioning by embedding both the voxel encoded scene and



the start and goal joint configurations into a shared latent space that guides the
diffusion process toward feasible goal-directed paths. The second phase applies
a Control Barrier Function (CBF) inspired safety shaping term that softly biases

the denoising dynamics away from unsafe configurations during inference.

By combining these conditioning strategies within the denoising process, GAD-
GET generates paths that are simultaneously geometry aware, goal consistent,
and safety aware, achieving real time generalization across diverse environments

and robotic arms without retraining.

GADGET overcomes the limited generalization and performance constraints of

prior learning based planners by integrating geometry aware scene understanding

and dual phase conditioning directly into the generative inference process. This for-

mulation enables zero shot generalization to unseen environments and new robotic

manipulators, while consistently achieving higher success rates, lower collision inten-

sity, and comparable planning times compared with existing classical and learning

based methods.

In summary, this thesis contributes to three major aspects:

1.

Efficiency: PPCNet achieves fast end to end path planning with learned col-
lision checking which is an ideal framework for repetitive industrial tasks like

bin-picking.

Generalization: The dual phase conditioning in GADGET enables zero shot

adaptation to unseen environments and different robotic manipulators.

Safety: GADGET integrates differentiable CBF guidance for safe trajectory

generation.

Together, these innovations bridge the gap between efficiency, safety, and adapt-

ability, establishing a foundation for generalizable and real time motion planning



applicable to industrial robotic systems.

1.4 Thesis Outline

Chapter 2: Background- This chapter reviews the foundational concepts and re-
lated work in robotic motion planning. It covers classical approaches (e.g., sampling-
based, optimization-based, and heuristic methods) as well as recent advances in
learning-based techniques, highlighting their limitations and motivating the need for
more generalizable and efficient solutions.

Chapter 3: PPCNet — Learning-Based Motion Planning- This chapter
introduces a deep learning-based framework, PPCNet, designed for efficient path
planning in industrial environments. It outlines the model architecture, training
strategy, and evaluation results, demonstrating improved planning speed and safety
in both simulated and real-world scenarios.

Chapter 4: GADGET — Diffusion-Based Generalizable Planning- This
chapter presents GADGET, a diffusion model-based motion planner aimed at general-
ization to new environments and robotic platforms. It describes the core components
of the framework and evaluates its ability to produce safe, real-time trajectories in
previously unseen settings without retraining.

Chapter 5: Concluding Remarks- The final chapter summarizes the main
contributions, discusses the practical implications of the proposed frameworks, and
outlines directions for future research, including enhanced scalability, constraint in-

tegration, and online adaptation.



Chapter 2

Background

Motion planning typically involves two stages: path planning and trajectory plan-
ning. Path planning focuses on generating a feasible path that satisfies geometric
constraints, independent of timing. Trajectory planning, in contrast, applies a time
law to the path to produce a time-parameterized trajectory. In practice, these two
steps are often interdependent and executed jointly.

Motion planning approaches can be broadly categorized into classical and learning-
based methods (see Figure 2.1). Classical techniques include combinatorial algo-
rithms, artificial potential fields (APF), sampling-based planners, and bio-inspired
heuristics. Learning-based methods leverage machine learning, with three major
paradigms being deep learning-based planning, reinforcement learning (RL), and
learning by demonstration (LbD).

Combinatorial approaches aim to determine a path by directly analyzing the
continuous configuration space [5|]. One such method is cell decomposition, which
partitions the configuration space into smaller, manageable cells to facilitate path
finding [6, 7|. However, these techniques often become impractical in complex or

high-dimensional environments due to computational limitations. In contrast, artifi-



Classical motion Learning-based
planning Motion planing
Potential Field Bio-inspired Sampling-based Reinforc?ment D_eep Learning by
Heuristic I\';etho ds methods Learning Learnn:.g-(:aased Demonstration
methods

Figure 2.1: Different types of Motion planning methods.

cial potential field (APF) methods are more suitable for practical applications. APF
constructs attractive and repulsive potential fields around target and obstacle con-
figurations, respectively, to guide the robot toward the goal [8]. While this approach
can handle dynamic environments with moving obstacles [9], it is prone to getting
trapped in local minima, which can prevent the robot from reaching its destination.

Bio-inspired heuristic methods are reliable tools for finding optimal trajectories
due to their effectiveness in solving optimization problems. However, they may strug-
gle in complex environments and high-dimensional configuration spaces. Genetic
Algorithms (GA) and Particle Swarm Optimization (PSO) are two widely used bio-
inspired optimization techniques that have demonstrated strong performance in tra-
jectory planning tasks [10]|. Despite their effectiveness, these methods are unsuitable
for dynamic environments and typically require high computational time to generate
near-optimal paths.

Sampling-based path planning methods are among the most widely used ap-
proaches in motion planning. These methods construct paths by randomly sampling
the configuration space. While they are effective for complex and high-dimensional
problems, they cannot guarantee a solution within a finite amount of time [11]. Prob-
abilistic Roadmap Method (PRM) and Rapidly-exploring Random Trees (RRT) are

the most common examples of sampling-based methods. However, they also tend



to suffer from long computation times. To address this, heuristic enhancements are
often applied to improve their efficiency [12, 13].

In recent years, machine learning-based algorithms have gained significant atten-
tion for motion planning due to their generalization capability and effectiveness in
handling complex problems [14, 15, 16, 17, 18]. These techniques can solve inverse
kinematics problems more quickly and efficiently, which has a direct impact on the
motion planning process [19, 20|. Additionally, learning-based methods can mitigate
the high runtime issue of sampling-based approaches by providing biased sampling
nodes, allowing these planners to operate more efficiently |21, 22, 23, 24].

The main focus of this chapter is on motion planners commonly used in robotic
manipulators. The objective is to provide a comprehensive review of both classical and
learning-based algorithms. This chapter highlights recent advancements in Al-based
motion planners that serve as powerful alternatives to classical methods. Emphasis
is placed on learning-based approaches, which have shown promising performance in
addressing the limitations of traditional techniques. The chapter aims to guide the
reader through the rapidly evolving literature in this field, which has gained significant

momentum in recent years.

2.1 Fundamentals and Properties of Motion Plan-
ning

In this section, some general fundamentals and concepts of motion planning are dis-
cussed. One of the first and most important concepts in motion planning is the
configuration space (C-space). Every position and orientation of a robot can be rep-
resented as a point in the C-space. For example, Eq. 3.1 shows a specific configuration

of an n-joint arm manipulator:



qzle1 en] (2.1)

where 6; represents the position of the i-th joint of the arm. If this configuration
lies in an obstacle-free region and satisfies all joint constraints, it is considered part of
the free configuration space (Cf,e.). On the other hand, if the configuration leads
to a collision with an obstacle or violates joint constraints, it belongs to the obstacle
space (C,ps). In motion planning problems, both the start configuration g . and
the target configuration gqrger must lie within Cf,... The goal of the planner is to
find a continuous, collision-free path between these two points, entirely within the

free configuration space.

2.1.1 Path Planning vs. Trajectory Planning

Although path planning and trajectory planning are often solved together as a single
problem, it is important to understand the distinction between them. Path planning
refers to the process of generating a collision-free path based solely on geometric
considerations, without accounting for the robot’s dynamics or mobility limitations.
In other words, the path planner provides a sequence of configurations from ¢,z to
Qtarget Without considering time.

In contrast, trajectory planning involves the time parameterization of the path.
This means that the trajectory specifies the robot’s configuration at each point in
time. Therefore, the output of the path planner must be time-scaled to produce a
feasible trajectory (see Figure 2.2).

Path and trajectory planning are constrained by two main types of constraints:
geometric and kinodynamic constraints. Geometric constraints—such as joint limits,
obstacle avoidance, and self-collision avoidance—are typically handled during the

path planning stage. On the other hand, kinodynamic constraints involve factors like
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Reference

Trajector )
! y ——»(O—>»| Controller »| Robotic system

Planning

Task ——=| Path planning

Motion planning stage

Figure 2.2: Block diagram of motion planning in a robotic system.

joint velocities, accelerations, torques, and higher-order derivatives of joint angles [25].

Trajectory planning for robotic arms and manipulators requires optimization un-
der these constraints |26], typically aiming to satisfy three main objectives: minimum
execution time [27, 28, 29|, minimum energy consumption [30, 31|, and minimum

jerk [32, 33].

2.1.2 Motion Planning Properties

A motion planner is called complete when it always returns a solution if one exists.
A complete planner is able to find a solution in finite time and also determine whether
or not a solution exists. In this context, two related terms are also important: resolu-
tion complete and probabilistically complete. A planner is considered resolution
complete if it searches over a discretized representation of the C-space and guarantees
a solution when the resolution is sufficiently fine. On the other hand, a planner is
probabilistically complete if the probability of finding a solution approaches one
as the computation time approaches infinity [34].

Another important distinction in motion planning is between single-query and
multiple-query planners. A multiple-query planner first attempts to construct a com-
plete or partial representation of the C-space. As a result, it can generate paths

quickly for different start and goal pairs. In contrast, in dynamic environments where
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the C-space may change over time, single-query planners often perform better. This is
because they solve each motion planning problem from scratch and are better suited

for adapting to changes in the environment [34].

2.1.3 Collision detection

C-space consists of two subspaces: Clree and Copsiqeies- Bach configuration of the
robot in C-space belongs to one of these two subspaces [35]. To detect collisions
between the robot and obstacles, a distance measurement algorithm is typically used.
This algorithm calculates the distance between the closest points on the robot and
the obstacle [34].

The Gilbert-Johnson-Keerthi (GJK) algorithm [36] is a widely used and efficient
method for computing the distance between two convex bodies. It is commonly em-
ployed in robotics by modeling both the robot and obstacles as triangular meshes.
Another simpler method for collision detection is approximating objects using over-
lapping spheres [37]. In this approach, the number of spheres representing each object
is a critical hyperparameter. Although less precise, this method is significantly faster
than other analytical collision detection techniques.

In motion planning problems, regardless of the planning method, a large number
of collision checks are required. This process is computationally expensive and can
account for up to 90% of the total planning time [38]. In recent years, researchers have
turned to machine learning techniques to approximate or bypass analytical collision
checking.

Support Vector Machines (SVM) have been used to learn accurate collision bound-
aries in C-space [39]. Similarly, Gaussian Mixture Models (GMM) were employed
in [40] to classify regions of C-space as collision-free or in-collision. Their results

showed that the approach could generate paths up to five times faster than bi-
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directional RRT. Another method, K-Nearest Neighbors (KNN), has also been applied
to model C-space for collision detection [41]. However, KNN is generally used in static
environments and faces challenges when adapting to dynamic settings.

Das et al. [42] proposed a machine learning model called Fastron to model C-space
and serve as a proxy collision detector. In this method, the C-space is decomposed
into subspaces, and a separate collision checker is trained for each region. Most prior
works in the literature rely on such C-space decomposition techniques, which often

require manual engineering and simplifications.

2.1.4 Nonlinear Optimization Solutions

In robotic systems, motion planning is commonly formulated as a constrained non-
linear optimization problem, in which a trajectory, defined in either joint space or
task space, is optimized with respect to a cost function while satisfying a set of con-
straints. Typical objectives include generating smooth trajectories, maintaining safe
distances from obstacles, and optimizing for efficiency. For instance, a smoothness
term (e.g., the sum of squared velocity changes along the trajectory) may be incorpo-
rated to reduce mechanical stress on actuators. Simultaneously, an obstacle avoidance
term penalizes configurations that approach or violate predefined safety margins near
obstacles.

Beyond these, additional objectives can be integrated into the formulation, such
as minimizing path length or travel time to shorten execution duration, or minimizing
energy and torque to improve efficiency and reduce wear. Furthermore, task-specific
constraints, such as maintaining a desired end-effector pose or orientation, can also
be imposed. While collision avoidance has traditionally been the primary objective
in motion planning, contemporary formulations often consider multiple competing

criteria including smoothness, energy efficiency, and constraint satisfaction.
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These objectives and constraints are typically combined into a nonlinear cost
function. The resulting optimization problem is non-convex due to the inherent non-
linearities of robot kinematics, dynamics, and obstacle geometries. The planner’s
goal is to compute a trajectory that minimizes the total cost (usually expressed as a
weighted sum of terms like trajectory smoothness, path length, and time) while satis-
fying kinematic and dynamic feasibility conditions, such as joint limits, collision-free
constraints, and specified initial and target configurations. A general mathematical

formulation of this problem is provided in Equation 2.2.

find q(¢)
minimize J(x(t),u(t),d(t))
subject to:
@(t) = fz(t), u(t)), (2.2)
q(t) € Clree,
2(0) = Ginitiat;
$(T) = (Gtarget
To address the nonlinear motion planning problem, researchers employ both gradient-
based and derivative-free optimization techniques. Gradient-based methods utilize
the gradients of the objective function to iteratively refine the trajectory. A widely
used approach is Sequential Quadratic Programming (SQP) [43], which solves a se-
quence of quadratic approximations to converge toward the optimum of the original
nonlinear problem. In the context of motion planning, SQP treats the entire trajec-
tory as a decision variable and incrementally optimizes it while enforcing collision-
avoidance constraints [44].
These methods—including classic gradient descent and Newton-based variants—are

particularly effective when the gradients of the cost and constraint functions are avail-
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able. In practical implementations, trajectory optimizers such as CHOMP (Covari-
ant Hamiltonian Optimization for Motion Planning) [45] exploit functional gradients,
which can be computed analytically and efficiently from robot kinematics. These
techniques are well-suited for rapidly descending to a local minimum; however, they
depend heavily on the quality of the initial trajectory and may struggle in highly
non-convex optimization landscapes. Schulman et al. [46] introduced a trajectory
optimization framework based on sequential convex optimization that incorporates
continuous-time collision checking via convex-convex distance formulations. Their
method efficiently solves high-DOF motion planning problems by penalizing collisions
with a hinge loss and incrementally tightening constraints, achieving higher success
rates and better path quality compared to sampling-based and CHOMP methods.

In contrast to gradient-based methods, derivative-free optimization techniques do
not rely on gradient information and are particularly advantageous when the cost
function is discontinuous, non-differentiable, or noisy. One prominent example is
Simulated Annealing (SA) [47], a stochastic optimization algorithm inspired by the
annealing process in metallurgy. SA is well-suited for highly nonlinear or discontin-
uous cost landscapes [48]. In motion planning, SA operates by introducing random
perturbations to the trajectory and occasionally accepting worse solutions in early
iterations. This acceptance criterion promotes exploration of the solution space and
helps escape local minima. Over time, the algorithm “cools,” progressively reducing
the acceptance of suboptimal solutions and guiding the trajectory toward improve-
ment [49].

Another widely used derivative-free method is the Nelder-Mead simplex algo-
rithm [50], which optimizes the trajectory by iteratively modifying a simplex—a geo-
metric structure composed of multiple candidate solutions—through reflection, expan-

sion, and contraction steps. Nelder-Mead has been applied to trajectory smoothing
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and time-parameterization, such as refining trajectories generated by sampling-based
methods like RRT. For example, it has been used to optimize timing profiles to reduce
jerk and travel duration in manipulator motion|51].

While casting motion planning as an optimization problem offers a structured
approach, it also presents several challenges. The cost landscape is typically non-
convex due to obstacle avoidance and complex kinematics, which causes gradient-
based solvers to get stuck in local minima [45]. As a result, these methods are often
locally optimal and incomplete and they may fail to find a feasible path even when
one exists [44]. A good initial trajectory is essential: poor initialization can lead to
failure, while a well-chosen seed (e.g., straight-line interpolation or sampling-based
planner output) increases success rates [45]. Moreover, convergence speed and quality
depend on careful tuning of hyperparameters like step sizes and constraint penalties.
There’s also a tradeoff between hard constraints (e.g., strict collision avoidance) and
soft penalties, where the latter simplifies optimization but may temporarily violate
feasibility.

Finally, computational cost is a limiting factor, especially in high-dimensional
spaces. Evaluating gradients for obstacle avoidance or smoothness terms can be ex-
pensive, although recent work has introduced efficient approximations and trajectory

sparsification to reduce complexity.

2.2 Classical Motion Planning methods

This section will discuss classical methods in three main categories: artificial poten-
tial fields, bio-inspired heuristic methods, and sampling-based methods. These three
approaches were selected due to their strong performance in practical applications.

Following subsections will elaborate on the key characteristics of each technique.
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2.2.1 Artificial Potential Field

The core idea behind the Artificial Potential Field (APF) method is to guide the
robot around obstacles and toward the goal configuration using an artificial potential
energy field. This method is particularly effective in non-static environments with
dynamic obstacles. APF generates a collision-free path by assigning high potential
values around obstacles and low potential near the goal. As a result, the robot is
attracted to the goal while being repelled from obstacles in the configuration space,
according to the structure of the potential field.

The APF method was first introduced in [8] and later extended in [52]. Due to its
simplicity and strong practical performance, the method has been widely studied in
the literature. The potential field formulation is as follows: let x; denote the desired
target position. The manipulator’s end-effector can be controlled with respect to

obstacle O by subjecting it to an artificial potential field.

Uart (%) = Uza(x) + Uo(x), (2.3)

which leads to:

U(x) = Uare(x) + Uy(x), (2.4)

where Uj,(x) represents the gravitational potential energy. Using the Lagrangian
formulation and dynamic decoupling of the end-effector, the control command vector

F*

art

for the decoupled end-effector is given by:

Fart :de+F57 (25)

where



17

and

U.

Xd

(x) = %k:p(x —x4)*. (2.7)

Here, F,, is a repulsive force induced by the artificial potential field Up(x) near
the surface of obstacles, while F} is an attractive force that drives the end-effector
position x toward the desired target xd. The function Up(x) is defined such that
the total artificial potential U, (x) remains a positive, continuous, and differentiable
function with a global minimum at x = x4.

In [53], a basic APF approach is employed using the distances between the end-
effector, static obstacles, and the goal configuration. An optimal trajectory is gener-
ated by applying a pattern search algorithm, taking advantage of APF’s effectiveness
in minimizing a predefined cost function.

To address dynamic obstacles, it is necessary to modify both the repulsive (around
obstacles) and attractive (around the goal) potential functions by incorporating the
relative positions and velocities of the robot and the obstacles [54]. Although APF
can handle path planning in dynamic environments, it suffers from a major drawback:
the presence of local minima, where the robot may become trapped [7]. To mitigate
this, an "extreme point jump-out" function is introduced in [55]. When the manip-
ulator is stuck at a local extremum, this function initiates a small movement at the
end-effector to adjust its direction and escape the local minimum. The approach com-
bines two components: the Bloch Quantum Genetic Algorithm for generating small
displacements, and the RRT method for adjusting direction. A further improvement

to APF is proposed in [56], where the manipulator escapes local minima by moving
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Table 2.1: Potential field methods proposed in the literature.

Study Description Advantage Drawback DOF
ini iguration-oriented / Jsi 8 od least square me
Liu et al. (2014) [57] C.nmP.)mmg ml.jﬁg’"m‘.rmn orfented APF Using .d(mvlp(d k .“t square method High computation time and low adaptability 6
with inverse kinematics to avoid singularity

Creating dual attraction between links

Badawy (2016) [58 . RN . -
adawy (2016) [58] by constructing a potential field with two minima

Avoiding local minimum Not capable for high DoF manipulators 2

Choosing virtual target point randomly;

Introducing obstacle avoidance method based on APF  Avoiding local minimum by considering AT L p
> N ‘ thus, deviating from the goal and collision 3

Long (2020) [59]

for a manipulator in cluttered environment virtual target point based on RRT method .
> with obstacles are probable
Gai et al. (2019) [60] Introducing path planning algorithm based on Implementing practically on Static environment 6
8 - ) potential field MA1440 industrial robot o
Proposing a new potential function for path Using a virtual obstacle Static environment .
Zhang et al. (2017) [61 . F BRRT . > L . . Lo 6
hang ot al. ( ) (61 planning of 6 DoF RBT-6T/S03S manipulator to avoid local minimum issue and high computation time
. . Setting the attractive and repulsive APF function for ~ Fast and efficient approach for deterministic Not optimal and need high .
Li et al. (2019) [62] . . X . . S . . 3
goal and obstacles in task space instead of C-space environment with static obstacles computation in uncertain environment
Proposing a repulsive force field in 3-D space L . o .
. L Toposing & repuisive foree fieid i .} > space Using in unknown environment Finding non-optimal path and
Lin, Hsieh (2018) [63] which makes the manipulator justify its trajectory . . 2 L .
h N with dynamic obstacles trapping in local minimum is probable

to avoid the obstacles

along the direction of the repulsive potential field. This strategy enables the robot to
avoid obstacles while still following a near-optimal path.

Table 2.1 summarizes additional studies in the context of APF. As mentioned
earlier, APF is applicable to a wide range of path planning problems under vari-
ous conditions. However, the local minimum issue remains a significant limitation.
Although improved APF methods aim to resolve this problem, they often increase
algorithmic complexity, which can hinder the practical implementation of APF in

real-world robotic systems.

2.2.2 Bio-inspired Heuristic Methods

This section discusses the advantages and limitations of two major heuristic methods
used in path and trajectory planning: Genetic Algorithm (GA) and Particle Swarm
Optimization (PSO).

Genetic Algorithm (GA) — GA is a powerful and widely used tool for opti-
mization in robotic path planning research |64, 65, 66, 67, 68, 69]. Due to its ability to
handle discrete objective functions, GA can be effectively combined with singularity
avoidance techniques to find time-optimal paths [70].

Numerous studies have applied GA to motion planning for robotic manipulators.

In [71], a GA-based approach is presented using bi-level optimization to generate
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an optimal trajectory. Similarly, in [72|, the cost function is defined based on time,
energy consumption, and joint rotation, and GA is employed to obtain the optimal
solution. To address the local minimum issue, an improved GA method is introduced
in [73], focusing on optimal trajectory generation for a 6-DOF manipulator.

Particle Swarm Optimization (PSO) — PSO is inspired by the synchronized
movement and social behavior of birds and fish [74]. It is simple to implement and
highly effective for optimizing a variety of objective functions. As a result, PSO has
been widely used in robotic arm motion planning |75, 76, 77]. For instance, Kucuk [78§]
proposed a PSO-based trajectory planner using cubic spline interpolation, which was
implemented on a PUMA robot. Additionally, Cao et al. [79] presented a hybrid
optimization approach that combines PSO with geometric techniques to minimize
motion time for an RRR redundant robotic arm.

Other Heuristic Methods — Ant Colony Optimization (ACO)|[80, 81, 82| is
another bio-inspired method used in motion planning, known for its reliability in
solving optimization problems. In addition, classical graph search algorithms such as
Dijkstra’s algorithm and the A* algorithm are commonly used in robotic operating
systems (ROS) to compute shortest paths. Although these methods use heuristic
estimates to reduce the number of explored nodes, they tend to have lower planning
efficiency in complex environments|83].

The core idea behind Dijkstra’s algorithm is to expand nodes in increasing order
of their distances from the source, progressively constructing a shortest-path tree
by adding one edge at each step [84]. The A* algorithm enhances this by using a
heuristic function to evaluate nodes, inspecting many nearby nodes to guarantee an
optimal, collision-free solution—albeit with high computational cost [85]. Theta*
is a variation that relaxes the constraint of staying on grid edges, allowing more

direct paths, but it does not always guarantee the true shortest path [86]. The D*
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algorithm, often referred to as dynamic A*, is suitable for environments that change
over time. It replans paths when new obstacles are detected, using cost-based updates
to incrementally adjust the solution in real-time [87, 88|.

Although heuristic methods are powerful optimization tools and perform well in
many scenarios, they cannot guarantee complete solutions for trajectory planning.
These approaches often require significant computation time to identify optimal paths

in complex, high-dimensional environments.

2.2.3 Sampling-based Methods

Sampling-based motion planners are among the most effective algorithms in robot
motion planning due to their ability to solve path planning problems in complex
and unknown environments. In this context, the Probabilistic Roadmap Method
(PRM) and Rapidly-exploring Random Trees (RRT) are two of the most well-known
techniques.

PRM, introduced in [89], is a graph-based search algorithm. It discretizes the
configuration space (C-space) and builds a roadmap composed of collision-free paths
to find asymptotically optimal solutions. PRM and its variants are categorized as
multiple-query algorithms. Additionally, PRM is probabilistically complete, meaning
that as the number of samples increases, the probability of failing to find a solution
approaches zero [90].

Algorithm 1 presents the structure of PRM [91]. At each iteration, a point Z ang €
Xiee 1s sampled and added to the vertex set V. Then, connections are attempted
between x,.,q and nearby vertices within a ball of radius r using a basic local planner.
If the connection is collision-free, an edge is added to the edge set E. To avoid
unnecessary computation, connections between nodes already in the same component

are skipped.
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Algorithm 1 PRM
Require: V + (0, E < ()
Ensure: G = (V, E)
fort=20,--- ,ndo
Trand < SampleFree;
U<+ Near(G = (V,E), Tyana,T)
V+TVu {xrand}
for each v € U do
if Z,4nq and u are not in the same connected component of G = (V, E') then
if CollisionFree (z,4n4, 1) then
E «— EU{(Trand, u), (U, Trand) }
end if
end if
end for
end for

Due to these advantages, PRM has been applied to various manipulator motion
planning tasks. However, the original PRM suffers from drawbacks such as high
execution time. To mitigate this, Lazy PRM was proposed in [92], which reduces
the number of collision checks by assuming all nodes lie in Che. initially, and later
removing those that collide. In [93], an improved PRM was introduced for dual-arm
motion planning by classifying sampled nodes based on the obstacles they collide
with.

Although PRM can perform well with a small number of random nodes in simple
environments, its efficiency drops in complex settings. The distribution of random
samples also significantly affects the quality of the generated path.

RRT is one of the most popular alternatives to PRM. Algorithm 2 outlines its
structure [94]. This method incrementally builds a random tree in C-space starting
from an initial point zj,;, extending it toward randomly sampled nodes to explore
the configuration space efficiently.

RRT is simple to implement and performs well in non-convex, high-dimensional

search spaces. It has been widely used for motion planning in robotic arms [95, 96,
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Algorithm 2 RRT
Require: z;,;, K
T.A0it (T4
for £k =1 to K do
Trand < RandomState()
Tnear < Nearest Neighbor(Trand, T)
u < SelectInput(T,and, Tnear)
Tnew < NewState(Tpeqr, u, At)
7.AddVertex(Zpew)
7.Addedge(Tnear Lnew,tt)
end for
Return 7

97, 98, 99, 100, 101].

To enhance RRT’s performance, several variants have been proposed. In [102],
the bi-directional RRT was introduced for 7-DOF manipulators. This version grows
two trees simultaneously (one from the start and one from the goal) and attempts to
connect them at each step.

RRT* is an asymptotically optimal version of RRT [91]. It is probabilistically
complete and computationally efficient. However, it suffers from slow convergence
and becomes less efficient in high-dimensional spaces compared to grid-based meth-
ods [103]. Algorithm 3 shows the structure of RRT*.

Biased sampling is a promising strategy to improve sampling efficiency in such
methods [104, 105]. Rather than uniformly sampling, biased sampling directs explo-
ration toward more relevant regions. In [104], a combination of potential fields and
RRT™* is proposed to accelerate convergence.

Gammell et al.[106] introduced Informed-RRT*, which improves convergence and
path quality, though it requires an initial feasible path. Later, they proposed BIT*[107],
a batch-processing algorithm based on random geometric graphs (RGGs), which
reuses previous information to accelerate planning. BIT* was tested on a 14-DOF

dual-arm robot and showed superior convergence compared to RRT, RRT*, and
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Algorithm 3 RRT*
Require: V < {zui}, £+ 0
Ensure: G = (V| E)
fori=1,--- ,ndo
Trand < SampleFree;
Tnearest < Nearest(G = (V, E), Trana)
Tnew St€€r<xnearest7 xrand)
if ObtacleFree (eqrest, Tnew) then
Xyear < Near(G = (V, E), Tpew, r(card(V)));
V +— VU{Znew};
Tmin < Tnearests
Crmin — COSt(xnearest) + C(Line(ajnearesta xnew))
for each x,cqr € Xpear dO
if CollisionFree (Zpear; Tnew) or Cost(Tpear) + c(Line(Tpear, Tnew)) <
Cmin then

Tmin < Tnear; Cmin < COSt(xnear) + C(Line(xneam Inew))
end if
E+ EU {(xm'm; xnew)}
end for
for each z,,0qr € Xyear dO
if CollisionFree(T ew, Tnear) or Cost(Tpew) + c(Line(Tpew, Tnear)) <
Cost(Tpeqr) then
xparent — Parent<xnear); E «+ (E\{(xparenta wnear)}) ) {(xnewa mnear)}
end if
end for
end if
end for

Informed-RRT*, although it still suffers from the curse of dimensionality.

In summary, while classical sampling-based methods are widely used, they often
suffer from high computation time and low convergence rates in complex or high-
dimensional C-spaces. Nonetheless, their continued development remains essential

due to the demand for real-time motion planning in industrial applications.
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2.3 Learning-based Motion Planning Methods

In recent years, learning-based methods have gained significant traction due to ad-
vances in artificial intelligence. These methods have been applied to complex path and
trajectory planning problems, driven by the increasing importance of motion plan-
ning in industrial applications [108, 17]. However, compared to classical approaches,
these techniques are relatively new. This section discusses three main categories of

learning-based motion planning methods.

2.3.1 Deep Learning-based Methods

Deep learning is often combined with sampling-based methods to improve their perfor-
mance in motion planning. As discussed in Section 2.2.3, one of the main drawbacks
of sampling-based methods is their low convergence rate in high-dimensional spaces
due to random sampling. Prior experience can significantly improve the efficiency
of sample node generation [109, 110, 111, 112]. Deep learning addresses this issue
by leveraging prior data to generate more efficient sample nodes, ultimately reducing
planning steps and improving performance (see Figure 2.3).

Qureshi et al.[2] proposed a deep sampling-based motion planner (DeepSMP),
which integrates deep neural networks with sampling-based methods. This frame-
work uses a Contractive Autoencoder (CAE) to encode the environment from raw
point clouds. The output, along with initial and goal configurations, is passed to a
Dropout-based stochastic deep feedforward network that generates sample nodes for
planners such as RRT. This significantly improves the convergence rate and ensures
the generation of collision-free paths (see Figure2.4).

Ying et al. [1] proposed a deep learning-based planner that combines a long short-

term memory (LSTM) network with Bi-directional RRT (LSTM-BiRRT) for dual-
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Figure 2.3: The performance of deep learning methods in generating sample nodes
compared to random sampling |[1].
arm motion planning. This approach differs in its sample generation process, using
an LSTM Sampler trained via RRT* to produce samples. The environment, including
obstacles, is encoded with an Autoencoder.

Motion Planning Network (MPNet), introduced in [113], has also shown promising
results in learning feasible paths directly in unseen environments. MPNet consists of
two networks: an encoder (Enet) that captures the environment and a planning net-

work (Pnet) that generates the path. In [114], three training strategies are discussed:

e Offline batch learning: requires the full dataset in advance,
e Continual learning: enables learning from streaming data during execution,

e Active continual learning: similar to continual learning but incorporates expert

demonstrations.

Constrained motion planning is another area where deep learning improves the
performance of sampling-based methods. In this setting, the planner must find a

collision-free path that lies on a constraint manifold—an inherently difficult problem
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(a) Offline Autoencoder
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Figure 2.4: The structure of DeepSMP: CAE encodes the environment, while a deep
neural network generates samples during online planning [2].

requiring efficient computation [115]. Classical sampling-based methods are typically
inefficient and slow for such tasks.

To address this, Qureshi et al .[116, 117] introduced the Constrained Motion
Planning Network (CoMPNet), a deep learning-based planner that takes environ-
ment data, constraint definitions, and start/goal configurations as inputs and out-
puts a valid path on the constraint manifold. CoMPNet was extended to CoMPNetX
in [117], which introduces a task encoder, environment encoder, conditional neural
generator/discriminator, and a neural sampler to enhance sample efficiency. This ap-
proach was evaluated on a robotic arm in various cluttered environments with hard
kinematic constraints and demonstrated significantly improved performance over clas-
sical methods in terms of both time and path quality. However, CoMPNetX focuses
solely on kinematic constraints derived from configuration space.

Generative models offer a powerful alternative for motion planning by learning
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a distribution over feasible trajectories from data, rather than explicitly comput-
ing paths through optimization or sampling. This enables robots to generate diverse,
task-relevant motions, even in high-dimensional and dynamic environments. Key gen-
erative approaches include Generative Adversarial Networks (GANs), Variational Au-
toencoders (VAEs), and the more recent diffusion models, each with unique strengths
for trajectory generation.

Generative Adversarial Networks (GANs) [118] leverage a generator-discriminator
architecture trained in a minimax game to learn complex data distributions, enabling
the generation of realistic robot trajectories from random noise. In motion planning
for robotic manipulators, GANs learn from successful demonstrations to synthesize
novel, physically plausible action sequences for tasks like grasping and collision-free
movement. The discriminator effectively acts as a constraint checker, ensuring tra-
jectory validity. While training can be unstable due to issues like mode collapse,
GAN-based planners have shown promise in generating diverse and adaptive motions,
enhancing generalization to new tasks and environments [119].

Variational Autoencoders (VAEs) [120] have been applied to robotic manipulator
motion planning by learning low-dimensional latent spaces that capture the distribu-
tion of feasible motions. Such latent representations enable efficient generation of new
motion plans and even smooth interpolation between known trajectories. For exam-
ple, Hung et al. [121] train a VAE on random collision-free joint configurations and
perform gradient-based optimization directly in its latent space to synthesize joint se-
quences that reach a goal while avoiding obstacles. Similarly, Ichter and Pavone [24]
construct a plannable latent embedding via an autoencoder and train auxiliary net-
works (for local dynamics and collision checking) so that a sampling-based planner
(RRT) can operate in this latent space to produce high-dimensional plans. VAEs also

enable continuous variability in motions, Osa [122] shows that a VAE-based genera-
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tive model can represent an effectively infinite continuum of homotopically distinct
collision-free trajectories between a start and goal, allowing one to smoothly interpo-
late between different paths.

Recent works have employed denoising diffusion probabilistic models (DDPMs) [123]
to generate motion plans for robotic arms by treating entire trajectories as data sam-
ples refined through iterative denoising. These models are trained on datasets of
collision-free joint-space trajectories and conditioned on task-relevant inputs (such as
start and goal configurations, and sometimes scene encodings) to produce smooth,
obstacle-avoiding paths [124]. Janner et al. [125] introduced Diffuser, where planning
is achieved by sampling full trajectories from a learned diffusion model, replacing
traditional optimization or sampling-based methods. Chi et al. [126] condition the
diffusion process on visual observations, enabling policy learning through action-by-
action generation. Ze et al. [127] propose DP3, combining compact 3D point cloud
inputs with diffusion models to produce dexterous manipulation actions. Huang et
al. [128] present SceneDiffuser, which unifies generation, optimization, and planning
in 3D scenes by incorporating physical constraints directly into the diffusion sam-
pling. In all these approaches, diffusion models generate statistically consistent yet

adaptable trajectories that generalize to new goals and environments.

Dataset Generation and Optimization Challenges

Generating an efficient and optimal dataset is a major challenge for learning-based
motion planners. Since the primary goal of a learning-based planner is to replicate the
behavior of an expert (oracle) planner, the quality of the dataset has a direct impact
on its performance. An optimal dataset, especially one minimizing path length is able
to enhance the planner performance. Most studies generate datasets using sampling-
based planners, with RRT-based methods being the most common. However, as

noted in Section 2.2.3, these methods are often inefficient in cluttered or complex
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environments.

Post-processing can improve dataset quality. One common method is Lazy State
Contraction (LSC) [114], which removes redundant waypoints to shorten paths. Sparse
waypoints reduce computational overhead (e.g., in collision checking or communica-
tion with controllers), but small steps between waypoints also improve the likelihood
of being collision-free and offer better learning targets for neural networks. A bal-
anced trade-off is necessary. Resampling, as discussed in [129], helps by inserting
collision-free waypoints without increasing the path length, reducing the variance in
target step sizes. Additionally, the Bug2 algorithm [130]| provides another efficient
method for generating training datasets. In [131], a global planner based on Bug2
was proposed. This method is well-suited for dynamic environments and outperforms

conventional motion planning algorithms in speed.

2.3.2 Reinforcement Learning Methods

Reinforcement learning (RL) is a powerful technique for motion planning of ma-
nipulators operating in unknown environments. In RL, an agent interacts with the
environment, encounters various situations, and receives rewards based on its actions.
By leveraging these experiences, the agent learns to choose optimal actions in each
state [132] (see Figure 2.5). With advancements in deep learning, RL techniques can
now be applied to high-dimensional continuous state spaces, enabling agents to extract
relevant features and learn complex tasks. As a result, deep reinforcement learning
(DRL) is well-suited for scenarios involving continuous action and state spaces.
Owing to these capabilities, DRL has been widely applied in robotic motion plan-
ning in recent years [133, 134, 135, 136, 137]. For example, Duguleana et al. [13§]
proposed a neural-network-based RL path planning approach for obstacle avoidance.

In [139], a Soft Actor-Critic (SAC) method is used for path planning in a multi-arm
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Figure 2.5: General reinforcement learning structure.

manipulator. Given the high-dimensional space and exploration requirements, tra-
ditional DRL planners were insufficient, leading to the adoption of SAC. To further
enhance sample efficiency, Hindsight Experience Replay (HER) was also employed.

Katyal et al .[140] proposed a DRL-based collision-free motion planner that uses
raw images of the workspace as state inputs. While this approach increases percep-
tual richness, it also introduces challenges due to the high-dimensional state space.
Similarly, in [141], an improved Deep Deterministic Policy Gradient (DDPG) algo-
rithm is introduced for path planning of a 6-DOF manipulator. Kamali et al. [142]
developed a dynamic goal DRL planner that maps human hand movements to a robot
arm, tested on the ABB IRB 120 platform.

Many of the above studies utilize sparse reward functions, which assign zero re-
wards to most states and only provide feedback in a few situations. The design of
the reward function plays a crucial role in the performance of DRL agents. Sparse
rewards often lead to inefficient exploration and slow learning [143].

To overcome this issue, Xie et al. [144] proposed two dense reward functions. The

first is the Azimuth reward, which includes both position and orientation components.
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It encourages maintaining a safe distance from obstacles while minimizing the gap
to the goal. The second is a subtask-level reward, which decomposes the motion
into simpler intermediate objectives. These reward functions were implemented on
a UR3 manipulator and showed significantly better performance compared to sparse
rewards.

Similarly, Peng et al. [145] introduced three new reward functions to improve DRL

performance in motion planning:

e Posture reward function: models distance and directional constraints, acceler-

ating learning.

e Stride reward function: enhances learning stability by considering step effi-

ciency.
e Stage incentive reward function: provides structured guidance across task stages.

The results demonstrated that DRL agents trained with these dense reward functions
outperformed those using sparse rewards in terms of both convergence and path
quality.

To address constrained motion planning, 1i et al. [146] proposed a DDPG-based
planner for a free-floating dual-arm space manipulator. This approach incorporates
the Generalized Jacobian Matrix (GJM) to model kinematics and enforces kinematic
constraints to prevent self-collisions. A continuous reward function is defined based
on the end-effector’s velocity, distance to the target, and self-collision avoidance.
The proposed method showed promising results in handling complex, constraint-rich

scenarios.
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2.3.3 Learning by Demonstration

RL requires extensive interaction with the environment to collect experience and
learn tasks effectively. However, in many real-world applications, such interaction
is impractical, and trial-and-error learning may be infeasible or unsafe. Learning
by Demonstration (LbD) offers a powerful alternative to overcome such limitations.
LbD is particularly useful for motion planning in high-dimensional spaces. In this
approach, a training dataset is collected from an expert (i.e., a teacher) during task
execution [147]. For robotic manipulators, human hand motions during task execution
can serve as effective demonstrations [148]. In [149], various human hand movements
were encoded using a set of nonlinear differential equations to capture different motion
types.

Gaussian Mixture Models (GMM) [150] and Task-Parametrized Gaussian Mixture
Models (TP-GMM) [151, 152| are widely used tools to encode human-demonstrated
trajectories. These models leverage probability theory to manage uncertainty at all
levels of motion modeling [153]. For instance, Duque et al. [3] proposed an LbD-based
motion planner using TP-GMM for robotic assembly operations. Their trajectory
generation framework includes three stages (see Figure2.6): demonstration acquisi-
tion, TP-GMM training for each subtask, and generation of new trajectories based
on task-specific object configurations.

In addition, Kim et al.[154] introduced an LbD-based framework for constrained
motion planning. This work modifies a demonstrated trajectory using Sequential
Quadratic Programming (SQP) to satisfy constraints and successfully implements
the method on a 3-DOF robotic arm. However, the method’s scalability to high-
dimensional configuration spaces remains uncertain. Similarly, in[155], imitation
learning is applied for obstacle-avoidance trajectory generation for a 7-DOF space

manipulator. The method prioritizes energy efficiency, which is especially critical in
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Figure 2.6: Block diagram of trajectory generation from demonstration using TP-
GMM |3].

space robotics. Demonstration-based trajectories are used to learn a distribution over
feasible paths.

Table 2.2 provides a comprehensive summary of recent learning-based motion
planning techniques and highlighting their structures, key contributions, and im-
plementation platforms. These works collectively demonstrate the effectiveness of
learning-based approaches for solving constrained and unconstrained motion plan-

ning problems in complex environments.



Table 2.2: Summary of Learning-based motion planning methods

Reference

Learning-based method Proposed Structure

Description

Implementation (DOF)

Bency et al. (2019) [17]

Deep learning

OracleNet: Recurrent Neural
Networks to determine
end-to-end trajectory

Generates High-speed and
Near optimal path

7-DOF Dual-Arm Baxter Robot

Qureshi, Yip (2018) 2]

Deep learning

Deep sampling-based
motion planner (DeepSMP)

Generates sample nodes
for sampling-based motion planners
to reduce computation time

6-DOF Universal robot (URG)

Qureshi et al. (2020) [114]

Deep learning

Motion planning Networks
(MPNet)

MPNet is able to calculate
collision-free path directly or generate

sample nodes for sampling-based methods

7-DOF Dual-Arm Baxter Robot

Lembono et al. (2021) [156]

Deep learning

Constrained Motion planning by using
Generative Adversarial Network
(GAN)

Reducing projection step
and computation time by learning the
distribution of robot configurations

7-DOF Panda manipulator and
28-DOF humanoid robot

Qureshi (2020) [117]

Deep learning

Constrained Motion planning
Networks x (CoMPNetX)

Solves constrained motion planning
problem with kinematics constrained

7-DOF Dual-Arm Baxter Robot

Proposed modified reward function based

_ inforcement Twin delayed deep deterministic . . . 5 . .
Guo et al. (2022) [157 Ezlrlllli(;lr(emen (‘)\1?;\'(;:1:1\;11; P(E%)D(;) Crmmshe on the end-effector orientation and 6-DOF Arm (simulation)
& poley & the distance between target and robot
. Reinforcement Exploitation of Abstract Symmetry Improved the sample efficiency I . .
. . o 15 3 3 ) . m (simulat
Gupta and Najjaran (2022) [158] learning of Environments (EASE) of traditional reinforcement algorithms 5-DOF Arm (simulation)
. . Presented a switch function that
Incremona (2021) [159] Relnikomemem Hybrid control Scheme changed the motion planner with respect EPSON VT6
learning based on Deep RL .
to the distance between the arm and obstacles
inforc . '0pos g bas imizati - .
Wang et al. (2021) [160] Remf@uement Soft Actor Critic (SAC) P%OpO%d,d%p RL based optimization 5-DOF Universal robot (URb)
learning with maximum entropy

Yang, Peng (2021) [161]

Reinforcement
learning

DDPG with Meta-Learning-Based
Experience Replay Separation

Divided the original replay buffer
into failure replay buffer and
successful replay buffer

Simulation in V-rep

Jurgenson, Tamar (2019) 162

Reinforcement
learning

Deep deterministic policy gradient
for motion planning (DDPG-MP)

Proposed a RL technique for training
a neural motion planner

4-DOF WidowX robotic arm

Chen et.al. [163]

Reinforcement
learning

SAC based algorithm
for obstacle avoidance
in dynamic environment

Employed prioritized experience replay (PER)

to improve the sampling efficiency

7-DOF manipulator

Perez, Shah (2017) [164]

Learning by
demonstration

Jonstraints learning from
demonstration (C-Learn)

Learning geometric that can be used as a

set of constraints in optimized-based
motion planning problem

16-DOF Dual-arm Optimus robot (VI-A)
28-DOF humanoid robot

Chumkamon et al. (2021) [165]

Learning by
demonstration

Learning from human
hand movements

Using single shot detection to detect hand

position for grasping application

7-DOF robotic arm

Li et al. (2021) [166]

Learning by
demonstration

Model predictive motion
planning network

Solves constrained motion planning problem

with kinodynamic constrained

Acrobat, Cartpole,
12-DOF Quadrotor (simulation)

Jin et al. (2022) [167]

Learning by
demonstration

Continuous Pontryagin differentiable programming

(Continuous PDP)

Used sparse demonstrations
such that robot follows
desired trajectories

two-link robotic arm
6-DoF quadrotor

28
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2.4 Conclusions

The field of motion planning for robotic systems is both vast and essential. Among
these systems, industrial robotic manipulators play a crucial role in automating com-
plex tasks. This chapter focused on various motion planning strategies applicable to
such manipulators, reviewing both classical and learning-based approaches. For each
category, the strengths and limitations are analyzed, tracking how these methods
have evolved over time and identifying conditions under which each is most suitable.
This chapter also provided a concise summary of the advantages and disadvantages
of state-of-the-art motion planning techniques.

Table 2.3 presents a comprehensive summary of the motion planning methods dis-
cussed. Classical methods such as artificial potential fields (APF), bio-inspired heuris-
tics, and sampling-based algorithms, such as RRT, PRM, are capable of generating
feasible paths. However, they often struggle in high-dimensional and dynamically
changing environments. For example, bio-inspired methods require high computation
time to find optimal paths, and small changes in the environment (e.g., initial or
goal configuration) can significantly impact performance. Sampling-based methods
like RRT and PRM are probabilistically complete but not asymptotically optimal.
Extensions such as RRT* aim to address optimality, but these still face challenges in
solving both constrained and unconstrained planning problems efficiently in complex
environments.

Learning-based approaches have emerged to overcome these limitations. Deep
learning methods improve sampling efficiency by generating informative sample nodes,
leading to reduced planning times. Reinforcement learning (RL) has shown strong
potential for training robotic arms to find optimal paths in unknown environments.
However, RL methods often require extensive interaction with the environment, which

may not be practical in real-world scenarios. Learning by demonstration (LbD),
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or imitation learning, provides a safer alternative, using human demonstrations to
generate trajectories. This is particularly suitable for manipulator arms, as human
hand motions serve as excellent demonstrations.

Overall, learning-based techniques present a promising alternative to classical mo-
tion planning methods, especially in scenarios requiring adaptability and speed. The
ability to generate near-optimal paths in real-time enables robotic manipulators to
operate efficiently in dynamic settings. However, several challenges remain, most
notably the generation of efficient training datasets and robust generalization across
different environments.

In industrial applications, smooth and optimal trajectories with low computation
time are essential. Despite significant progress, real-time motion planning in high-
dimensional spaces remains an open problem, especially when coupled with tasks like
grasping [168, 169, 170, 171]. Therefore, further research is needed to develop more
practical, scalable, and generalizable planning algorithms.

In conclusion, learning-based motion planners have demonstrated considerable po-
tential and are likely to shape the future of motion planning in industrial robotics.
This area offers valuable opportunities for collaboration between academia and in-

dustry.



Table 2.3: Summary of motion planning methods

Motion planning method Example Key Information Selected studies
- Good performance in environment with dynamic obstacles
Potential Field -~ - Trapping in local minimum is a significant issue in this method [172],[62]
Classical methods - This method is a good option for combining with other methods

- Powerful optimization tool
Bio-inspired heuristic GA, PSO - This method is not complete [173], [78]
- This method is not efficient in dynamic environment

- Simple structure and easy to implement
- This method is probabilistically complete
Sampling-based RRT, PRM - RRT and PRM are not optimal [92],[102], [106]
- Variants of these methods like RRT* and PRM* are asymptotic optimal
- Long run time in complex environments and high-dimensional configuration space

- Generating efficient sample nodes for sampling-based methods

MPNe . . .
. 4(-‘-t - Able to learn optimal path with efficient dataset )
. Deep learning Deep Sampling-based . . . . . . . [2],[114]
Learning-based CoMPNet - Capable for solving constrained motion planning problem and generate near optimal and real time trajectory
methods B - Providing efficient dataset for training process is challenging

- Powerful method in unknown environments
Reinforcement learning DDPG, Actor-critic - Require many experiments which is not feasible in some practical problems [174], [175], [176]
- Reward function is key concept in RL methods. efficient reward function can reduce number of inefficient experiments

- Able to generate a trajectory for complex tasks like assembling

Learning by demonstration - - Human hand is one of the best teachers in LbD method to generat a trajectory for robotic arms

[165],[3]

LE
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Chapter 3

PPCNet: Path Planning and

Collision Checking Network

Bin-picking, which involves object detection, motion planning, and grasping, is a fun-
damental component of industrial automation. It has gained considerable attention
in recent years due to the challenges it presents in computer vision and motion plan-
ning [177, 178]. A typical industrial bin-picking setup consists of a 2D/3D camera
system for capturing environmental information (including object and obstacle detec-
tion), a conveyor system, and bins containing objects. The vision module identifies
object positions and obstacle geometries, while the motion planner computes a fea-
sible path to the grasp pose based on this information [179]. Efficient and real-time
path planning for robotic manipulators can significantly improve the throughput and
reliability of mass production and assembly.

In a standard bin-picking cycle, a combination of machine vision, inverse kine-
matics, and motion planning algorithms is used to determine an optimal grasp con-
figuration. Once identified, the motion planner generates a collision-free path from

the robot’s initial (home) configuration to the grasp pose, and then to a target place
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location. Finally, the robot executes the motion to complete the task. Due to the se-
quential and critical nature of planning and execution, the total cycle time is heavily
influenced by both the planning and movement durations. It is therefore crucial to
ensure that computed paths are not only efficient but also collision-free, considering
both environmental and self-collisions.

While classical planners are applicable to bin-picking tasks, they often overlook
the repetitive structure inherent in such operations. In static environments where
the robot operates over long periods with consistent setups, the planning problem is
typically constrained to a fixed set of initial configurations and a bounded workspace
of potential end-effector poses. In this context, a more efficient solution tailored
to bin-picking applications is proposed: the Path Planning and Collision Checking
Network (PPCNet). PPCNet is a deep learning-based framework specifically designed
to exploit the repetitive nature of bin-picking tasks by rapidly generating waypoints
and evaluating their collision status.

The PPCNet architecture consists of two coordinated neural networks: one pre-
dicts the next waypoint along the path, and the other determines whether the segment
connecting the current state to the next waypoint is collision-free. This structure en-
ables fast and reliable path generation, offering competitive success rates and path
quality while significantly reducing planning time compared to classical approaches.
The proposed framework is especially well-suited for repetitive, real-time applications
such as industrial bin-picking.

The main contributions of this chapter are summarized as follows:

e This chapter presents PPCNet, an end-to-end deep learning framework for

efficient and reliable path planning in industrial settings.

e This work introduces a post-processing dataset refinement strategy that im-

proves the quality and smoothness of the generated paths.
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e This research addresses the bottleneck of collision detection in motion planning
by integrating a learned collision checking module that significantly reduces

planning time.

e This work compares two distinct training methodologies for the collision check-
ing network, evaluating their performance in terms of safety and computational

efficiency.

3.1 Problem Definition

This section formally define the path planning problem in the context of a bin-picking

application. Additionally, the notations used throughout this chapter is introduced.
The central concept in motion planning is the configuration space (Cspace), Which

represents the set of all possible configurations of the robot. A configuration ¢ € Cypace

denotes a specific pose of an n-DOF robotic manipulator and can be defined as:

=[] o

where 6; is the angular position of the i-th joint of the robot arm.

The subset of Cypace in which the robot remains collision-free is denoted as Cee C
Cspace- Let 7= {q1,¢2,...,qn} be a trajectory from an initial configuration gipitia t0
a target configuration geareet. The goal of path planning is to find such a trajectory
7 where all intermediate segments lie entirely within Che.. A segment between two
adjacent configurations ¢; and ¢;;; is defined as the linear interpolation of the two

configurations. For a valid trajectory, each segment must satisfy:

{agi+ (1 —a)gis1 | a €[0,1]} C Chee, Vie{l,...,N—1} (3.2)
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Figure 3.1: Path planning for pick and place operation

Bin-picking problem defines two path planning queries:

e Pick path: The trajectory from the robot’s initial configuration to a grasp

configuration inside the bin, denoted as Qpick-

e Place path: The trajectory from the grasp configuration to a designated place-

ment configuration, denoted as @piace-

Figure 3.1 provides an overview of the pick-and-place operation. The objective is

to design a planner that can fulfill the following criteria:
e Generate a safe, collision-free path.
e Respond to planning queries in real time.

e Achieve high path quality and a high success rate.
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3.2 Path Planning and Collision Checking Frame-
work

This section presents the proposed framework for path planning in bin-picking tasks.
As illustrated in Figure 3.2, the framework consists of two sequential neural networks:
the planning network and the collision checking network.

The two-network architecture is motivated by several key considerations. Fore-
most among them is the importance of safety in robotic motion—ensuring collision-
free trajectories is a fundamental requirement. To accelerate the planning process,
a collision checking network that performs significantly faster collision assessments
than traditional analytical methods is introduced. Moreover, due to the inherent
approximation error in the planning network, its outputs may occasionally result in
collisions. To address this limitation, a subsequent verification step is necessary to
assess the feasibility of each waypoint. The collision checking network fulfills this role,
acting as a safeguard to ensure safety. By leveraging both networks, this approach
achieves a balance between efficiency and safety, enabling rapid and reliable robot
motion planning.

The planning network is a modified version of MPNet [114]|. The original MPNet
architecture includes two components: a planning network that sequentially generates
waypoints by imitating an expert planner, and an encoder network that compresses
environmental information into a fixed-length vector to inform planning.

In this setting, the primary obstacles include the bin, fixed structures, and the
robot itself. These elements are fully known and incorporated into the planning
environment. Unlike MPNet, PPCNet does not rely on depth maps or other sensory
inputs to encode the environment, thereby reducing computational overhead and

enabling faster planning—a key objective of this work. In a complete bin-picking
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Figure 3.2: Path planning and collision checking network (PPCNet).

pipeline, the grasp selection process ensures that grasp poses are chosen to minimize
the risk of collision during both grasp execution and path following.

In the proposed framework, the planning network receives the current and goal
joint configurations and outputs the next joint configuration to move toward. Each
configuration is represented as an n-dimensional column vector; hence, the network
input is a 2n-dimensional vector formed by concatenating the current and goal config-
urations. At each decision step, the proposed configuration is validated by the second
network—the collision checking network—which evaluates the likelihood that the seg-
ment between the current and proposed configurations lies within the collision-free
space, Cree. This structure enables efficient decision-making in configuration space

by alternating between planning and collision checking.
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3.2.1 Training and Dataset Generation

The primary objective of the path planning network is to imitate the behavior of an
expert planner. When expert demonstrations are feasible, imitation learning provides
an effective approach. Although RRT-based planners are not inherently sequential

decision-makers, their behavior can be modeled as:

di+1 = f(%fa qtarget) (33)

The goal of the neural planner is to learn the function f. A foundational approach
within imitation learning is behavior cloning, which uses supervised learning to repli-
cate expert behavior. In this paradigm, expert demonstrations are decomposed into
state-action pairs and treated as independent and identically distributed (i.i.d.) train-
ing data.

A significant challenge in behavior cloning is the risk of encountering out-of-
distribution data during inference. Since the planner may encounter states not repre-
sented in the training data, even minor errors can compound and result in trajectory
failures. To mitigate this issue, the Dataset Aggregation (DAgger) is algorithm [180],
which incorporates online correction during training by including states visited by
the learned policy.

The training procedure for both the neural planner and the collision checker is
outlined in Algorithm 4. Initially, a set of expert demonstrations is generated. The
function RandomGoalConf(T) samples T goal configurations within the collision-
free space of the bin. These sampled configurations are passed to the expert planner
via the GeneratePath function, which produces two datasets: the planner dataset D
and the collision checker dataset C. The dataset D contains only the final, optimized

paths generated by the expert planner, while C' includes all intermediate segments
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evaluated by the planner’s geometric collision checker. In the case of RRT-based
planning, D stores the final path, whereas C' records the entire RRT tree and all
instances of its steering function.

To ensure high-quality demonstrations, post-processing is applied to the expert-
generated paths. As illustrated in Figure 3.4, the expert planner first generates a
collision-free path for a given query. This path is then refined using Binary State
Contraction (BSC), which removes redundant waypoints to produce a shorter, more
efficient path. Waypoint sparsity is desirable, as it simplifies subsequent tasks such
as collision checking, robot communication, and trajectory planning. BSC is compu-
tationally more efficient than the Lazy State Contraction method in [113], reducing
overall runtime.

After BSC, the resampling procedure is applied to ensure smoothness and regu-
larity. This step discretizes the contracted path into evenly spaced waypoints that
lie on the original collision-free trajectory. These additional points do not increase
path length but help reduce the mean and variance of step magnitudes ||gir1 — ql|-
While larger steps reduce the number of inference calls and collision checks, smaller
steps have several advantages: (i) reduced deviation from the reference path, (ii)
higher likelihood of being collision-free, and (iii) more normalized training targets.
Smaller steps effectively transform the learning problem into one of direction pre-
diction. Notably, BSC must precede resampling, as resampling relies on subdividing
longer steps, which is not feasible with already dense paths. Figure 3.3 demonstrates
this process in a 2D setting, showcasing its impact on path smoothness and quality.
The PostProcess function in Algorithm 4 summarizes the combined application of

BSC and resampling.
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Figure 3.3: Post-processing procedure: (a) Initial path generated by the planner, (b)
Path after Binary State Contraction (BSC), (c) Path after resampling.

3.2.2 Path Planner Training Formulation

Once the dataset has been generated, the network is trained to predict the next
configuration ¢;; as accurately as possible, minimizing the discrepancy from the
ground truth ¢;,1. The network learns the underlying mapping from input to output
through supervised learning by minimizing a loss function that quantifies the error
between predicted and true configurations.

This optimization is performed using backpropagation, typically with stochastic
gradient descent (SGD) or its variants. The objective function for training the planner

network is defined as:

1 Ng T
N 2
Lplanner - E Z Z ||qj,i - Qj,i” (34)

j=1 i=1
where N; denotes the number of trajectories, N, is the number of individual
waypoints in the training dataset, and T represents the number of steps per trajectory.

The loss captures the mean squared error across all predicted configurations.
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3.2.3 Collision Checker Training Formulation

Two different training strategies for the collision checking network were investigated
and evaluated to ensure safe motion planning. As discussed earlier, this network
takes a pair of configurations—the current and the next—as input and estimates
the likelihood that the connecting segment is collision-free. Thus, its training data
consists of labeled segments, where each label indicates whether the segment is in
collision or not.

The loss function used to train the collision checker in both approaches is the

binary cross-entropy loss:

L(ﬁ?})true) = ﬁlogptrue + (1 - ﬁ) lOg (1 - ptrue) (35)

Here, p is the probability predicted by the network, and pie is the ground-truth
label. Since the task is essentially a binary classification problem, binary cross-entropy
is the standard and effective choice for training such networks, as it promotes a well-
calibrated probabilistic output.

Binary Labels. The most straightforward approach is to use binary labels pro-
vided directly by the analytical collision checker. In this case, pyue in Eq. 3.5 is
either 0 (collision-free) or 1 (in-collision), and the corresponding loss is referred to
as Lpinary in Figure 3.4. This method treats each segment independently as a binary
classification problem.

Population-Based Labels. Binary labels are often sparse and imbalanced, lead-
ing to biased learning toward the dominant class. A method is proposed to convert
binary labels into continuous estimates, thereby better capturing the spatial context
of the segment. Specifically, a reference probability p,t is computed to indicate how

likely a segment is to be collision-free, based on nearby segments.
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Figure 3.4: End-to-end training process of PPCNet. Top row: The imitation learn-
ing and data aggregation process for training the planner network. Based on random
queries and the DAgger algorithm, the planner dataset is constructed with tuples of
the form (¢, qr, g+1). The loss function Lpjanner is used for backpropagation. Bot-
tom row: The population-based probability estimation and collision checker training.
KD-Tree is employed to compute reference probabilities, and the collision checker is
trained using either Lyinary 0T Lpopulation-

For each segment, K neighboring segments are identified within a hypersphere
of fixed radius centered at its midpoint, using a KD-Tree. The population-based
probability is then estimated as:

S =
ref K

(3.6)

where 1[] is the indicator function. This results in a continuous label that reflects
the local density of collision-free segments. Near obstacles, p..f approaches zero, and
it increases as the distance from obstacles grows. This smooth labeling enables better
gradient flow during training and improves generalization, particularly in edge cases.

All segments evaluated by the analytical collision checker during expert planning

are stored to ensure comprehensive coverage. For RRT-based planners, this includes
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Algorithm 4 Training process of PPCNet
Require expert planner 7*, number of initial demonstrations 7', number of rollouts
in each iteration 7" number of state samples S, required policy success rate
Initialize Planner and Collision Dataset: D,C <+ ()
Generate initial demonstrations:
GoalConf < RandomGoalConf(T)
D, C <+ GeneratePath(m*, HomeCon f, GoalCon f)
Apply post-processing: PostProcess(D)
SuccessRate < 0
fori=1,...do
m; < TrainPolicy(D) > Start of DAGGER
GoalConf < RandomGoalConf(T")
D,, < GeneratePath(m;, HomeConf, GoalConf)
S; < SampleStates(D,,, S)
D;, C; < GeneratePath(n*, S;, GoalConf)
D; < PostProcess(D;)
D <+ DUD;. > End of DAGGER
C <+ CUCc;.
n; < TrainCollisionChecker(C)
SuccessRate < TestPolicy(m;, n;)
if SuccessRate > ¢ then
return m;, n;
end if
end for

the entire search tree and all sampled segments, both in-collision and collision-free.
While this method is more computationally expensive, our experiments show that it
leads to significantly better prediction performance. The corresponding loss function,

L opulation, is computed by substituting prer for puue in Eq. 3.5.

3.2.4 End-to-End Training Process

This section provides an overview of the end-to-end training procedure for the inte-
grated model, which comprises both the planner network and the collision checker
network. The training process is summarized in Algorithm 4.

The process begins with generating an initial set of expert trajectories. These are

used to populate the planner and collision checker datasets. In each training iteration,
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the planner network is trained using the expert demonstrations. Following this, the
DAgger process (as described in Section 3.2.1) is executed to iteratively augment both
datasets with additional data generated from the current policy and corrected by the
expert.

Once the datasets are updated, the collision checker network is trained using
the expanded collision dataset. To evaluate overall model performance, the function
TestPolicy is invoked. This function samples random goal configurations and at-
tempts to generate valid trajectories between them, following the procedure outlined
in Algorithm 5. If the success rate of the model exceeds a predefined threshold, the
final weights of both the planner and collision checker networks are returned as the

output of the training process.

3.2.5 Path Planning Process

This section describes the end-to-end path planning procedure of PPCNet. As il-
lustrated in Figure 3.2, the two core components—the planning network and the
collision checking network—operate sequentially to make decisions. In the context
of bin-picking, given the start, pick, and place configurations, PPCNet generates a
trajectory that enables the robot to pick an object from the bin and place it at the
designated location.

The full planning process is outlined in Algorithm 5. At each iteration, the plan-
ning network predicts the next configuration for the robot arm to transition into. This
configuration, along with the current one, is then evaluated by the collision checking
network. For this purpose, the Steer function is employed.

As detailed in Algorithm 6, the Steer function discretizes the segment between
two waypoints into smaller sub-segments of approximately the same resolution as that

used in expert planner demonstrations. This ensures that the segments lie within the
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Algorithm 5 Path generation process using PPCNet
Require Trained neural planner 7 and collision checker 7, and initial and goal
conﬁgurations Qstart, qmrget
path < {gstart }

Qeurrent — Qstart
for =1, ..., S50, do
if SteeT(QCurrenta Qtarget, 77) == (target then
pCLth — path U Qtarget
if IsFeasible(path) then
return path
else > Apply Patching
segments < InCollision(path)
for (gs, q.) in segments do
pathult < W*(Q& Qe)
if Failed(pathg;) then
return failure
end if
path < Patch(path, pathg,)
end for
return path
end if
end if
Qnext < W(QCurrenta Qtarget)
if Steer(qeurrents next,;n) then

Qnext — Steer(qcurr’enta Qnext, 77)
path < path U qpext

Geurrent — Qnext

end if
end for

distribution learned during the collision checker’s training. Each segment is evaluated
for collision-free probability. A segment is considered safe if its predicted probability
exceeds a predefined safety threshold. If the predicted probability falls below the
threshold, the segment is classified as in-collision.

If the first segment is in collision, the planner is deemed to have failed at that
step. However, if the in-collision segment is not the first, the Steer function returns
the last collision-free configuration as a valid intermediate waypoint. If the Steer

function succeeds, the validated waypoint is added to the trajectory. If it fails, the
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Algorithm 6 Steer Function (qeurrent, Gneat)
Require collision checking network n, safety threshold n
segments <— Discretize(qeurrent; Gnext)
sz'nal < Qeurrent
for (¢;, q.) in segments do

if 1(¢i, g.) > 77 then
innal <~ Qe
else
if qfinal == Yeurrent then
return failure
else
return success, ¢final
end if
end if
end for

planner attempts to generate a new waypoint. To support recovery from such failures,
stochasticity is introduced during inference by enabling dropout layers, following the
approach in [113]. Additionally, at each iteration, the algorithm checks whether
the current configuration can be directly connected to the target configuration. If
this direct connection is deemed safe, the target is added to the trajectory, and the
planning process concludes.

Once a complete path is generated, its feasibility is verified using the analytical
geometric collision checker via the IsFeasible function. If the path is collision-free,
it is returned as the final output. Otherwise, the algorithm identifies and attempts to
repair the in-collision segments using the expert planner. The InCollision function
identifies such segments. When multiple consecutive segments are in collision, they
are grouped into a single larger segment defined by the head and tail configurations
to reduce the number of expert planner calls and improve computational efficiency.
For each identified in-collision segment, the expert planner is invoked to generate an
alternative collision-free path. If all such segments are successfully patched, the final

path is returned. Otherwise, the planner is considered to have failed in that trial.
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3.3 Experimental Results

This section presents the performance evaluation of the proposed method, imple-
mented using PyTorch [181] for both the planner and collision checker networks. The
simulation environment is built on PyBullet Planning [182, 183|. The proposed PPC-
Net is compared against several state-of-the-art planning algorithms: Bi-RRT [184],
Informed RRT* [106], BIT* [107|, and MPNet [114]. The evaluation is conducted
across three distinct environments (see Figure 3.5): (i) a URS robot with a bin, (ii) a
URDS robot with a wall obstacle, and (iii) a Kinova Gen3 robotic arm in both simulated
and real-world scenarios.

All experiments were conducted on a system equipped with a 3.7 GHz AMD Ryzen
9 processor, 96 GB of RAM, and an NVIDIA TITAN RTX GPU. The hyperparame-

ters used for each planner are detailed in Table 3.1.

3.3.1 Comparative Study

Table 3.2 presents a comparative analysis of PPCNet against baseline planners. The
results show that PPCNet significantly outperforms existing methods in terms of
planning time across all environments, achieving more than a 70% improvement.
Figure 3.6 provides a visual comparison of planning times. The RRT-based baselines
were carefully tuned to ensure similar path lengths and completion within 10 seconds
or 1000 iterations. However, BIT* and Informed RRT* still exhibited longer planning
times and lower success rates compared to PPCNet.

PPCNet also generates paths with comparable lengths and success rates, which
are key metrics for evaluating planning performance. The post-processing step used
during dataset generation allows PPCNet to outperform even its expert planner (Bi-

RRT) in path length. Specifically, the Binary State Contraction (BSC) component



54

(a)

(c)

Figure 3.5: Experimental environments: a) UR5 scene, b) UR5 scene with a wall as
an obstacle, ¢) Real-world implementation on Kinova Gen3

effectively removes redundant waypoints, reducing path length and improving quality.
Combined with resampling, this refinement enhances the smoothness and consistency
of generated paths.

Furthermore, while integrating collision checking into PPCNet improves robust-
ness compared to MPNet, it introduces a slight reduction in success rate. This trade-
off is a result of PPCNet prioritizing speed and path quality within strict thresholds.

The success rate not reaching 100% in known environments can be attributed to
two primary factors. First, due to function approximation limitations, the planner
may fail to precisely replicate expert behavior, especially near obstacles. The expert
planner occasionally produces paths that closely graze obstacle boundaries, which
the learned planner may not accurately replicate, resulting in failure. Second, strict

thresholds are imposed to prioritize planning efficiency: a maximum planning time



Table 3.1: Hyperparameter selection for planners

Methods Hyperparameters Values
Max iterations 1000
Bi-RRT Max planning time Ds
Resolution 0.1 rad
Number of batches 500
Resolution 0.05 rad
Informed RRT* ¥ 500
Goal probability 0.1
Max iterations 1000
Max planning time 10 s
Max iterations 1000
Max planning time 10 s
BIT* Number of samples 500
n 20
Goal probability 0.1
Max iterations 100
Learning rate 0.0001
MPNet Expert planner Bi-RRT

Network architecture

Fully connected
6 layers, 300 neurons

per layer
Post—processmg 0.1745 rad
resample step size
Max iterations 100
Optimizer Adam
PPCNet Similarity distance 0.4 rad
DAgger iterations 30
Expert planner Bi-RRT
Safety threshold (7) 0.8

Network architecture
(planning and collision
checking networks)

Fully connected
6 layers, 300 neurons
per layer
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of 300 ms and a limit of 100 waypoints per trajectory. Any plan exceeding these
thresholds is considered a failure. While relaxing these thresholds could increase the
success rate, it would come at the cost of efficiency.

Lastly, our experiments indicate that training the collision checker using population-
based labels yields superior performance compared to binary classification. This ap-
proach leads to better prediction accuracy, reducing the frequency of patching in
the final trajectories and thereby lowering total planning time. Although more com-
putationally intensive during training, the population-based method demonstrates a

favorable trade-off between training cost and inference performance.

Table 3.2: Planning time and path length comparison of the proposed method and

BI-RRT for 500 random pick-and-place queries

Environments Methods Planning time (s) Path length (rad) Success rate (%)

Bi-RRT 0.701 £ 0.246 7.516 + 2.147 100
Informed RRT* 10.186 + 3.192 5.304 + 1.983 79.8
BIT* 8.621 + 3.594 5.278+2.315 77.6
URS MPNet 0.384 + 0.079 7.305 + 2.298 94.4
.P.PCNeF 0.101 £ 0.031 5.887 £+ 1.038 90.2

Collision: Binary
| PPCRet 0.093 + 0.033 5.679 + 1.503 93.4

Collision: Population

Bi-RRT 0.749 + 0.182 7.925 £ 3.307 100
Informed RRT* 10.856 + 3.425 5.813 + 2.056 73.6
BIT* 9.299 + 3.919 5.514 + 2.747 70.4
UR5 with a wall MPNet, 0.392 + 0.106 7.874 + 3.011 93
.P.PCNe).C 0.106 £ 0.027 6.142 + 1.979 89.8

Collision: Binary

PPCNet
Collision: Population 0-099 £ 0.034 6.016 & 1.749 922
Bi-RRT 0.645 £ 0.281 6.812 £ 2.749 100
Informed RRT* 9.535 + 4.122 5.124 + 2.205 79.2
BIT* 8.496 + 3.082 5.099 + 2.464 79.6
Kinova Gen3 MPNet 0.227 £ 0.151 6.714 + 2.812 90.6
PPCNet

.. . 0.090 4+ 0.029 5.315 4+ 1.482 88.2

Collision: Binary
PPCNet 0.085 £ 0.032 5.188 £ 1.335 89.8

Collision: Population
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Figure 3.6: Planning time comparison between different methods

3.3.2 Real-World Implementation

This section presents the real-world deployment of PPCNet on a Kinova Gen3 robotic
arm for a bin-picking task. Due to the architecture of our planning framework, the
final trajectory execution depends on the specific software stack, parameter settings,
and robot hardware being used. The practical applicability of PPCNet was demon-
strated through bin-picking operations on the Kinova Gen3d arm, executed via the
Kinova Kortex API [185]. The API allowed us to convert the planned waypoints into
executable robot trajectories.

The maximum velocity of all six joints was limited to 36°/s during hardware de-
ployment to ensure safety. This velocity cap was also used to compute the trajectory
duration for each path segment. Figures 3.7 and 3.8 show motion profiles recorded
during a representative bin-picking scenario. The results demonstrate that the robot
followed the PPCNet-generated path with both smoothness and safety. In particu-
lar, the Cartesian trajectory in Figure 3.7 maintains a safe clearance from the bin,
confirming the collision-free nature of the path. Moreover, the joint velocity and ac-

celeration profiles in Figure 3.8 show no abrupt fluctuations, indicating stable and
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Figure 3.7: Cartesian space trajectory for a randomly selected bin-picking scenario
using the Kinova Gen3 robotic arm. The robot is tasked with picking and placing
three different objects onto a table.

smooth robot motion across multiple real-world trials.

Although PPCNet does not explicitly perform trajectory optimization, the results
indicate that the generated paths are readily convertible into smooth executable tra-
jectories.! Trajectory planning and refinement techniques in the literature—such as
energy-efficient or time-optimal trajectory optimization [186, 187, 188]—can be in-
tegrated with PPCNet to further improve performance. Combining such techniques
with PPCNet’s efficient planning capability could enable high-quality, real-time mo-

tion generation for practical robotic applications.

1A demonstration video of a bin-picking task using our proposed method is available at: https:
//youtu.be/1YxLWPi0OXuA


https://youtu.be/lYxLWPi0XuA
https://youtu.be/lYxLWPi0XuA
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Figure 3.8: Joint-level motion profile for a randomly selected bin-picking scenario
with the Kinova Gen3 arm. Top Row: Joint angles; Middle Row: Joint velocities;
Bottom Row: Joint accelerations.

3.4 Conclusions

This paper presented a novel learning-based path planning framework, PPCNet, and
demonstrated its effectiveness in bin-picking applications. Traditional motion plan-
ning algorithms often require recomputation of entire paths for each new goal con-
figuration, making them computationally intensive and inefficient for real-time ap-
plications. Additionally, many existing methods do not leverage past experience or
learned knowledge to improve future planning.

PPCNet addresses these limitations by employing deep neural networks to solve
both the path planning and collision checking problems in real-time. An end-to-end

training algorithm is proposed, incorporating the DAgger method to generate i.i.d.
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training data for supervised learning. The use of an expert planner during training
enables the model to generalize to previously unseen states.

A key contribution of PPCNet lies in its dual-network design, which includes two
versions of a collision checking network that approximate the behavior of an exact
geometric collision checker. These networks significantly accelerate the validation of
motion segments, contributing to faster and safer planning.

PPCNet is evaluated in simulation using two robotic platforms (UR5 and Kinova
Gen3) within bin-picking scenarios. Additionally, the framework is implemented on
a physical Kinova Gen3 robotic arm to assess its real-world applicability. The ex-
perimental results confirm that PPCNet significantly reduces planning time while

achieving path lengths and success rates on par with state-of-the-art methods.
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Chapter 4

GADGET: A Diffusion-Based
Framework for Generalizable Motion

Planning

Motion planning is a critical component of autonomous robotic systems, particularly
for manipulation tasks where a robotic arm must navigate complex configuration
spaces while avoiding obstacles. In the previous chapter, PPCNet [189] was intro-
duced, a learning-based framework capable of generating collision-free trajectories in
real time. PPCNet demonstrated strong performance in static environments. How-
ever, its core limitation lies in its lack of generalization: any significant change in the
workspace, obstacle configuration, or robot kinematics requires a complete retraining
of the model.

Modern robotic applications often demand planners that are not only fast but also
adaptable, capable of operating in previously unseen environments, handling a wide
range of object configurations, and transferring across different robotic platforms

without manual intervention or retraining. The high cost of data collection and
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annotation, along with the need for operational flexibility, calls for planners that
can generalize from limited demonstrations and reason over a diverse set of motion
strategies.

To address these challenges, this chapter presents a novel path planning framework
based on diffusion models, a class of generative models that have recently shown
remarkable success in high-dimensional data generation tasks. Unlike conventional
planners that rely on deterministic optimization or fixed policy inference, diffusion-
based planners learn a data-driven distribution over feasible trajectories and generate
motion plans through an iterative denoising process. This enables them to model
complex, multi-modal trajectory distributions and to produce diverse, smooth, and
goal-directed motions conditioned on arbitrary scene inputs—including novel obstacle
configurations and robot morphologies. Crucially, this framework eliminates the need
for retraining when deployed in new environments or on different robotic arms.

The following sections details the proposed framework, including the formulation
of the motion planning problem as a conditional generative process, the architec-
ture and training procedure of the diffusion model, and how conditioning is achieved
through spatial and goal-based embeddings. It also describes how guidance mech-
anisms can be incorporated during inference to improve constraint satisfaction and
goal achievement. Extensive evaluations on both simulated and real-world robotic
manipulators demonstrate that our approach achieves real-time inference, strong gen-
eralization, and robustness to environmental variability, making it a powerful tool for

path planning in any robotic environments.



63

4.1 Preliminaries

Before presenting the proposed diffusion-based planning framework, the necessary
background and notation used throughout this chapter will be established. This in-
cludes a formal definition of the motion planning problem for robotic manipulators, an
overview of trajectory representations, and key concepts related to diffusion models.
These preliminaries form the foundation for understanding how generative modeling
is integrated into path planning. In addition, Control Barrier Functions (CBFs) will

be discussed, which is later used to guide the diffusion process during path generation.

4.1.1 Diffusion Models

Diffusion models have recently emerged as a powerful class of generative methods,
offering notable advantages for modeling trajectories and control policies in robotics.
Denoising Diffusion Probabilistic Models (DDPMs) [123] are latent variable models
that synthesize data through a learned, iterative denoising process. The central idea
involves a forward diffusion process in which structured data, such as a path, is
progressively corrupted by Gaussian noise over multiple time steps until it becomes
indistinguishable from pure noise. A neural network is then trained to reverse this
process by denoising the data step by step, effectively learning to reconstruct samples
from the original data distribution. During inference, new trajectories are generated
by starting from pure noise and applying the learned denoising procedure, producing
smooth and feasible motion plans (see Figure 4.1).

The forward diffusion process is defined by a sequence of conditional Gaussian

distributions:

g =N (Ti§ V1-8im, BzI> (4.1)
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Figure 4.1: Forward and reverse (denoising) process of Diffusion model.

In the above equation:

q(7*|7"1) represents the forward diffusion process, i.e., the conditional prob-
ability of obtaining the noisy path 7% at step i, given the path 7! from the

previous step.

7t is the path at diffusion timestep i, after adding noise.

7i=1 is the path at the previous diffusion timestep 7 — 1, before further noise is

added.
N(,; 1, X) denotes a Gaussian distribution with mean p and covariance 3.

V1= ; is a scaling factor applied to 7~ which ensures that the variance of

the process increases gradually over time.

B; is a hyperparameter that controls the amount of noise added at each timestep

1.

I is the identity matrix, used here to define an isotropic Gaussian noise with

variance (3; in all dimensions.
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The following equation defines the reverse diffusion process, which is modeled as

a sequence of conditional probability distributions that iteratively denoise the path.

po(T [ T = N (T (T 1), Se(77, ) (4.2)

where a neural network parameterized by 0 predicts the mean and variance for sam-
pling 7¢~! from 7°. The goal is to train this network in a way that the reverse diffusion
process accurately reconstructs the original data distribution by progressively denois-
ing the input. As a result, the loss function used to train the diffusion model can
be formulated as follows. This is the simplified training objective commonly used in
DDPMs, where the model learns to predict the noise € added to the original data 7°

at timestep 7.

L(O) =K, o, [He — € (\/@_iTO + V1 —aje, z) HQ} (4.3)

here € is Gaussian noise, € is the neural network which predict the noise, and
a; = szl(l — f3;) is the cumulative product of the noise schedule. It is important
to note that this work adopts the cosine noise schedule proposed by Nichol and
Dhariwal [190], and assume a fixed, precomputed variance for the reverse process,
ie., Xg(7%,1) = X

While standard diffusion models are effective at generating diverse and high-
quality trajectories, they are typically formulated as unconditional or weakly con-
ditioned generative processes. However, in the context of motion planning, it is often
essential to guide path generation to satisfy specific task constraints, such as reaching
a goal state, avoiding obstacles, or ensuring safety. Guided diffusion addresses this

limitation by steering the reverse denoising process using auxiliary information or

task-specific objective functions. Two primary approaches have been developed for
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guiding the diffusion process:

Classifier-Guided Diffusion: Classifier guidance is a widely adopted technique
that influences the diffusion model during inference without modifying its training
procedure [191]. It employs an external classifier C(- | y) that estimates the likelihood
of a trajectory 7 satisfying a desired condition y (for example, obstacle avoidance or

goal reaching). From Bayes’ rule, the reverse process on y is conditioned:

p(r [y ecp(r T ) Cly [ 77 (4.4)

During sampling, the gradient of the classifier’s log-probability is used to bias the
denoising path toward regions of higher task relevance. The guided mean is computed

as:

Mguided(Tiy i) = pe(T',i) + X - X'V, logCy | ) (4.5)
where:
o 19(7% 1) is the mean predicted by the diffusion model at timestep i,
e X' is the corresponding variance,

o C(y | 7%) is the classifier’s estimate of the likelihood that 7° satisfies condition

Y,
e )\ is a scaling factor that controls the strength of the guidance signal.

This classifier-guided reverse process encourages the diffusion model to generate
trajectories that not only adhere to the learned data distribution but also conform
to task-specific constraints. Such guidance is particularly beneficial in motion plan-
ning, where task success critically depends on satisfying geometric and kinematic

constraints.
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Classifier-Free Guidance: Classifier-free guidance is an alternative to classifier-
based diffusion that eliminates the need for a separate, external classifier during
inference. Instead, it integrates the guidance mechanism directly into the generative
model by training it to handle both conditional and unconditional generation within
the same architecture. This approach was introduced by Ho and Salimans [192] and
has become a widely adopted technique due to its simplicity and effectiveness.

During training, the model €y(7%,4,y) is trained to predict the noise e added to
the clean path 7°, conditioned on both the diffusion timestep ¢ and some conditioning
variable y. Moreover, with some probability p, the condition y is randomly dropped
(replaced with a null token), allowing the model to learn both conditional and un-
conditional denoising behaviors.

At inference time, the final noise prediction is computed as a weighted combination

of the conditional and unconditional outputs:

€guided = (1 + )\> : €9<Ti7 7:7 Z/) - A €9<7—i7 ia Q)) (46)
where:

e cy(7",i,y) is the noise prediction conditioned on the desired target or context v,
e ¢y(7",i,0) is the unconditional noise prediction (i.e., no conditioning),

e )\ is a guidance scale hyperparameter that adjusts the strength of the condition-

ing.

This linear interpolation amplifies the influence of the conditioning signal while
maintaining sample diversity. Classifier-free guidance is particularly appealing for
motion planning tasks, enables a unified training and inference process and has been
shown to produce high-quality, goal-directed trajectories without sacrificing genera-

tive flexibility.
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Advantages of Diffusion Models for Motion Planning

Motion planning is inherently multi-modal; multiple valid trajectories may exist for
the same task and environment. Traditional learning architectures, such as RNNs,
autoregressive models, or VAEs, often struggle to capture such trajectory diversity
and suffer from issues like error accumulation or limited conditioning flexibility.
Diffusion models, by contrast, offer a powerful generative framework for modeling
and sampling entire trajectories in a way that naturally aligns with the needs of

robotic planning. Specifically, diffusion models bring the following advantages:

e Trajectory-Level Generation: Diffusion models predict all timesteps of a
trajectory jointly (non-autoregressively), enabling coherent long-horizon behav-

ior synthesis without accumulating compounding errors.

e Multi-Modality and Generalization: Diffusion models can capture rich,
multi-modal distributions over trajectories, enabling the generation of diverse
solutions for the same task. Through flexible conditioning mechanisms they gen-
eralize effectively to novel start-goal pairs and previously unseen environments

with varying layouts.

e Guided Planning: The iterative denoising process enables guidance via auxil-
iary gradient signals (such as cost functions, goal constraints, or control barrier
functions) allowing task objectives to be composed or swapped without retrain-

ing.

e Temporal Compositionality: Diffusion-based planner models entire trajec-
tories as structured sequences, enabling the learning of temporally coherent be-
haviors. By iteratively denoising complete joint trajectories, the model captures

long-range dependencies and composes motions that are globally consistent.
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This temporal structure allows the planner to generalize across environments
by recombining learned sub-trajectories (reaching, avoiding, aligning) into new
motion plans. Moreover, the use of guidance signals, such as cost-based gradi-
ents, enables temporal corrections that propagate across the planning horizon,

enhancing safety and feasibility without retraining.

These properties make diffusion models especially compelling for motion planning
in robotics, where safety, generalization, and path diversity are essential for deploying

agents in complex and long-horizon settings.

4.1.2 Control Barrier Functions

CBFs [193] provide a formal mechanism for enforcing safety constraints in control
systems by ensuring forward invariance of a designated safe set. Let us consider a

control-affine nonlinear dynamical system of the form:

&= f(x) +g(x)u (4.7)

where x € R” is the system state, u € R™ is the control input, f : R® — R" and
g : R" — R™™ are locally Lipschitz continuous functions representing the system
dynamics.

To encode safety, a continuously differentiable scalar function is defined h : R™ —
R, known as the control barrier function, which characterizes the forward-invariant

safe set:

C={zeR"|h(x)>0} (4.8)

The goal is to ensure that if the system starts within C, it remains in C for all

future time: C is forward invariant. This is guaranteed if the time derivative of h(x)
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along the system trajectories satisfies the following inequality:

sup [Vh(z)"(f(z) + g(x)u)] > —a(h(z)) (4.9)

ueR™
for a chosen extended class-&C function «, which is typically chosen as a linear function
a(h) = ~h for some v > 0. This inequality imposes a constraint on the allowable
control inputs u such that the system does not violate the safety condition h(z) > 0.

Equation (4.9) defines a set of control inputs Kee(z) € R™ that are admissible
for maintaining forward invariance of C. CBFs can be integrated into control and
optimization frameworks such as quadratic programs (QPs) or reinforcement learning
policies to ensure constraint satisfaction in real time [194, 195, 196].

In the context of generative motion planning, the CBF condition can be used in
the path generation process as a differentiable constraint or guidance signal. When
applied to diffusion models, this enables the integration of safety-critical knowledge,
such as obstacle avoidance or joint limit enforcement, directly into the denoising pro-
cess, without sacrificing the generative flexibility of the model. Using the strengths of
diffusion models and CBFs, the following section introduces a motion planning frame-
work titled GADGET, Generalizable and Adaptive Diffusion-Guided Environment-
aware Trajectory generation, designed for safe, efficient, and generalizable robotic

manipulation.

4.2 GADGET framework

The GADGET framework is designed to perform generalizable and collision-free path
planning for robotic manipulators across diverse environments. It combines voxel-
based scene encoding, conditional generative modeling via denoising diffusion, and

safety guidance using CBFs. The modular design enables transferability across unseen
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environments and different robot platforms. Figure 4.2 depicts the structure of this

framework.

4.2.1 Scene Perception via Voxel Carving

GADGET employs a voxel carving pipeline to reconstruct the 3D occupancy of the
workspace. Multiple depth cameras placed around the robot capture views of the
environment. Each depth image is back-projected into 3D space to obtain a point
cloud of occupied regions, which is then discretized into a fixed-resolution voxel grid.
Voxels along free-space rays between the camera and visible surfaces are marked free.
The result is a binary occupancy grid from which the coordinates of occupied voxels
are extracted and processed through a scene encoder inspired by [197]. Shared MLP
layers embed each voxel coordinate, and voxel-wise max pooling aggregates these
into a global latent representation ¢, (s). This embedding captures the geometry and
spatial distribution of obstacles, providing geometric context to the diffusion model
for planning collision-free trajectories.

Effect of Voxel Resolution. The resolution of the voxel grid determines the
granularity of spatial representation. Finer voxels capture subtle geometric details
which is useful for accurate obstacle boundaries and narrow passages; however, it
increases the dimensionality of the occupancy tensor and the encoder’s computational
load. Conversely, coarser grids reduce memory and inference time at the cost of
geometric precision, potentially blurring thin obstacles or introducing aliasing in free-

space boundaries.

4.2.2 Conditional Embedding

To guide path generation, the diffusion model is conditioned on both the encoded

scene and the robot’s task specification. The condition vector is defined as y =
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Figure 4.2: Generalizable and Adaptive Diffusion-Guided Environment-aware Trajec-
tory generation framework.

{@s, 4y, Py(s)}, where g5 and ¢, are the start and goal joint configurations, and ¢ (s)
is the latent scene embedding. These elements are fused into a single context vector,
enabling the diffusion model to generate trajectories aligned with the environment

geometry and task objectives.

4.2.3 Diffusion-Based Path Planning with CBF Guidance

GADGET employs a dual-phase guidance methodology that combines task condi-
tioning via classifier-free guidance with CBF-inspired noise perturbations for safety
shaping. This method incorporates geometry-aware safety constraints into the denois-
ing process while allowing for a wide variety of condition-driven trajectory generation.

A path denoted by 7 is represented as 7 € RT*4

, with 7" being the time horizon and
d the configuration space dimension. The trajectory generator, which is a conditional
denoising diffusion model, is represented as €(7,t,y) that forecasts the noise to be

eliminated from the noisy trajectory 7; at time ¢ conditioned on scene/task y. The
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model is trained using expert demonstrations 75 ~ D by minimizing:

L(0,9) = Erype [le — o, t,)II°] (4.10)

where y may be randomly masked with probability pa,op [192] to support classifier-free

guidance during inference.

6guided(Tta t, y) = (1 + )\cfg)GG(Tta tv y) - )‘Cfg€9(7—t7 tv ®)7 (411>

with guidance coefficient Az > 0. The reverse process mean is then:

1 1-— Qi
t = — — ——— €ouide , T, 4.12
:ut(Tta ,y) \/Oé_t (Tt T—a, €guid d(Tt y)) ( )

where o and &, follow a standard diffusion noise schedule.

Guided Diffusion as Conditional Sampling. Sampling is biased toward desirable,

safe behaviors by employing a guidance signal C"

P(r [ y) =p(7 |y, C) xpo(7 | y)p(7 | C), (4.13)

where C' denotes arbitrary inference-time constraints (e.g., safety constraints). The

reverse diffusion process is sampled from:

N
p(TO | Y, ) TN‘Z/? Hp Tt—1 ’ T, Y, ) (414>
t=1

with p(7n|y, C') standard Gaussian, so it suffices to recursively sample

p(ti1 | 7,9, C) o po(Ti1 | 7, y)p(C | 1) (4.15)



74

where pg(7i—1 | 7%, y) is modeled with a classifier-free diffusion model. Since the reverse

transition is Gaussian,

1
log po(Ti—1 | 7, y) o —§(th1 — )5 (T — ) (4.16)

a first-order Taylor expansion of log p(C' | 7;—;) around p; [124]:

log p(C' | 7i-1) = log p(C | pu) + (1121 — 1) g (4.17)

with g = V., log p(C|7)|,=,,. Substituting Eq. 4.16 and Eq. 4.17 into Eq. 4.15 shows
that the new reverse transition has mean p; + ;9.

Assuming independent constraints, the guidance likelihood expresses the prob-
ability that a trajectory 7 satisfies all desired constraints as an exponential-family
distribution is given by:

p(C7) x HGXP(—Jz‘(T)), (4.18)

where each J;(7) represents the penalty associated with violating the i-th constraint

or safety requirement. The resulting guidance direction simplifies to:
9= =3 VeI(Dlen (119

Discrete-Time Dynamical System and CBF Definition. The denoising process

can be viewed as a discrete-time dynamical system with state 7, and update rule:
Ti—1 = Ty + 0y, (4.20)

where d; denotes the learned denoising direction.

For this discrete system, a CBF h(7) is defined to encode safety constraints.
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Specifically, for each robot link ¢ and obstacle o, the following safety function is
defined:

O = [0 - (421

where xﬁ‘f) = fé@ (7;) is the Cartesian position of link ¢ at step ¢, obtained via forward

kinematics, and € > 0 is the safety margin specifying minimum allowable clearance
Moreover, fé%(n) is a differentiable function.

In classical CBF theory, the time derivative of the safety function satisfies:
h(r) = Vh(r)T+ > —a(h(1)) (4.22)

In our discrete-time setting, where 7 = ¢;, a finite-difference approximation is used.

AW(1) = hy_1 — hy > —a(hy) (4.23)

As a result, the discrete-time CBF condition requires that safety does not degrade

too quickly between steps:
hngi) > (1-— acbf)hié’o), (4.24)

where aq,r € (0, 1) controls the temporal conservativeness of the barrier. Rather than
enforcing Eq. (4.24) as a hard constraint, it is incorporated as a soft penalty during
sampling: violations of Eq. (4.24) are penalized, and their gradients bias the denoising
updates away from unsafe configurations. As a result, the CBF term acts as a soft
safety-shaping mechanism: once iterates approach the safe set (i.e., hgﬁ’o) > 0), the
guidance term tends to preserve or increase the safety margin, while still allowing
occasional constraint violations due to the stochastic nature of diffusion. In our

formulation, hﬁf"’) measures the signed squared distance between robot link ¢ and



76

obstacle o at denoising step t. Positive values correspond to maintaining at least a

clearance of € from obstacles, whereas negative values indicate constraint violations.

Soft Penalty for CBF Violations. To enforce this constraint softly during sam-

pling, a differentiable penalty over all link—obstacle pairs is defined:

2
['CBF Tt = [max ( (1 — abe)hEZ,o) — hgﬁ(i))] 5 (4.25)

Mo

>

/=1 o

b«‘,_
)

1

where L and O denote the number of links of the robot and obstacles respectively.
Since each hﬁf"’) is dependent on the forward kinematics, the gradient V., Lcgr(7;)
transmits the geometric feedback throughout the kinematic chain to guide the safe
denoising process.

This CBF penalty function fits naturally into the framework of constraint guid-
ance used in diffusion sampling. Each cost term J;(7) corresponds to an individual

link—obstacle penalty:
_ (o) _ 3 (to)\]?
Ji(Tt> - [max <O7 (1 - acbf>ht - ht—l >:| 5 (426)

where the index i maps uniquely to (¢,0). The total penalty is a sum over i,

which guides the diffusion process via gradients of these penalties.

Final Reverse Update. The overall guided denoising update combines classifier-

free guidance with the CBF perturbation:

Ti—1 = (72, 8, y) — Aebt Vi, Lenr(Tt), (4.27)
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where A\q¢ is the parameter that determines the effect of safety shaping. The guidance
acts as a soft barrier at each denoising step, preventing the trajectory from entering
unsafe areas and at the same time allowing for task compliance.

Algorithm 7 shows the training and inference process of GADGET. The combined
use of classifier-free and CBF-based guidance can be interpreted as energy shaping:
the diffusion model parameterizes the conditional distribution py(7; | v), and the CBF
term reshapes it toward safety-compliant regions of the trajectory space. This unified

formulation provides:

e Multi-Modality and Flexibility: The stochastic diffusion process samples
diverse, feasible trajectories, capturing multiple path hypotheses for a given

task.

e Environment Awareness: Classifier-free conditioning on (gs, ¢y, ¢y (s)) en-
sures that generated trajectories are well aligned with cluttered and previously

unseen environments.

e Safety Enforcement and Cross-Embodiment Transfer: The CBF-based
loss penalizes proximity to obstacles at every denoising step. Because this safety
shaping relies solely on geometric distances computed from robot-specific for-
ward kinematics, the same model transfers seamlessly across different manipu-

lators without retraining.

4.3 Experimental Results

To evaluate the proposed framework, the effectiveness of GADGET through the fol-

lowing key questions will be investigated:

e Q1 Can it generalize to unseen environments without retraining?
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Algorithm 7 GADGET: Diffusion-Based Path Planning with CBF Guid-

ance

TRAINING

Input: Expert dataset D (collision-free trajectories), diffusion model €5, noise sched-
ule {a;} Y|, learning rate 7, classifier-free dropout parep

while training not converged do

—_

= W

5

. Sample expert path 79 ~ D, timestep ¢ ~ U (1, N), noise € ~ N (0,1)
. Forward diffuse path:

Tt:\/O_Z_tTO‘I‘\/l_O_ZtE

: With probability parep, set y = 0, else y = {qs, g, Py(s)}
: Compute denoising loss:

L) = lle — eo(m, t,y)II”

: Update network parameters: 6 <— 0 —nVoL(6)

INFERENCE
Input: Trained model €y, start/goal (g¢s,q,), safety weight A, safety margin e,
temporal factor acys, classifier-free weight Acgg

S N N

10:
11:

12:

13

. Acquire multi-view depth images {D;}M,

: Reconstruct occupied voxel coordinates P = VoxelCarve({D;}) > P e RNVX3
: Encode scene: ¢y (s) = SceneEncoder(P)

. Initialize noisy path: 7 ~ N(0,I)

:fort=N,...,1do

Compute conditional and unconditional noise:
€cond = €0(T1,1,Y),  €uncond = €0(Ts, 1, 0)
Apply classifier-free guidance:
€guided = (1 4 Actg) €cond — Actg €uncond

Predict reverse-process mean:

1 1—Oét
= — | % — —/——— €suide
= am T JToa, e

Compute signed distance using Eq. 4.21
Compute safety gradient: V., Lcpr(7) using Eq. 4.25
Update path with CBF-guided correction:

Te—1 = M — AcbfthﬁCBF(Tt)

end for
: Output: Final path 7y
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e Q2 Can it transfer to different robot arms with distinct kinematics?
e Q3 Does CBF-guided diffusion improve safety in cluttered environments?

e Q4 How does GADGET compare to state-of-the-art learning-based and sampling-

based planners?

To answer these questions, GADGET is evaluated across a variety of simulated
scenarios designed to test its generalization, safety, and planning performance.
Training Phase:

Environments: 10,000 randomized training scenes populated with 10-16 spher-
ical obstacles placed in the robot’s workspace is generated (Figure 4.3).

Expert Planner: Ground-truth collision-free trajectories are computed using
the BiRRT algorithm, ensuring high-quality supervision during training.

Robot: A 7-DoF Franka Emika Panda arm is used for data collection and path

supervision.

4.3.1 Answering Key Questions

To evaluate the effectiveness of GADGET, a series of experiments targeting the four
key questions that mentioned in previous section is designed. The following results,
summarized in Tables 4.1 and 4.2, directly address these questions.

To thoroughly assess the generalization capability of GADGET, it is compared
against a diverse set of classical and learning-based motion planners, each chosen for
their complementary strengths and widespread adoption in the field.

Bi-RRT is a classical sampling-based planner that incrementally grows two trees
from the start and goal configurations, attempting to connect them. It is proba-
bilistically complete and is often employed as an expert oracle; however, it typically

produces suboptimal paths, especially in cluttered environments.
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BIT* (Batch Informed Trees) [107] is an asymptotically optimal sampling-based
planner that integrates the efficiency of informed graph search (e.g., A*) with the flex-
ibility of incremental sampling. It is well-suited for high-dimensional spaces; however,
its performance strongly depends on heuristic guidance and it can become computa-
tionally expensive, often leading to large planning times in real-time settings.

MPNet [114] is a learning-based planner that employs a point cloud encoder
together with a neural planner to directly predict motion trajectories. It offers fast
planning performance; however, its generalization is limited and lacks the ability to
adapt to unseen environments during inference.

MPD (Motion Planning Diffusion) [124] is a recent method that leverages dif-
fusion models to learn priors over robot trajectories. It effectively captures path
multi-modality and enables posterior-guided sampling; however, since it does not in-
corporate environment information, its performance degrades significantly when the
environment changes at inference time.

DP3 [127] is a visuomotor imitation learning method that combines point cloud
representations with diffusion policies to generate robot actions. It generalizes across
tasks, but like other imitation-based methods, it remains dependent on demonstration

data and may struggle in unseen environments.

To quantitatively compare GADGET against baseline planners, the following met-

rics is used:

e Success Rate (SR): The percentage of planning queries for which at least one
generated path is entirely collision free and reaches the goal configuration within
a fixed distance. In our experiments, for each start-goal query, 30 trajectories is
sampled, and the query is considered successful if at least one of them satisfies
the criteria. This definition is based on [124], and reflects the multi-modal

nature of diffusion models, which can generate diverse candidate solutions for
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(b) ()

Figure 4.3: Simulation environments. (a) Spherical Obstacles: Used for training;
during testing, obstacle positions are randomized to assess generalization. (b) Bin
Picking: Another test-only environment not encountered during training, involving
cluttered object retrieval. (c) Shelf Manipulation: A test-only environment unseen
during training, representing structured manipulation tasks. In all scenes, the red
shadow of the robot denotes the target (goal) configuration.

the same query.

e Collision Intensity (CI): The percentage of the waypoints that are in collision

with obstacles. This metric reflects the safety of the generated trajectories.

e Planning Time (T): The amount of time (in seconds) required to generate
a collision-free path for a random start-goal query. In case of the diffusion-
based planners, 30 trajectories sampled for each query and collision checking is
is performed sequentially. The planning time is recorded at the point when the

first collision-free path is found.
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e Path Length (PL): The length of the generated paths (in radians) which is
measured as the sum of Euclidean distances between consecutive waypoints in

joint space.

Tables 4.1 and 4.2 highlight the effectiveness of GADGET across both environment
and robot generalization benchmarks (It is worth mentioning that the system used
for training and testing has a 3.500 GHz AMD Ryzen 9 processor with 64 GB RAM
and NVIDIA 3090 GPU). 1000 different scenarios (random start/goal configurations
and random obstacle positions) were used in each environment. Although GADGET
is being trained just on randomized spherical environment, it demonstrates zero-shot
generalization to previously unseen test scenarios. In the evaluation, the position of
obstacles are randomized and the test scenes are visually and geometrically distinct
from those encountered during training (Bin and shelf). GADGET succes rate con-
sistently remains high with low collision intensity (Figure 4.6). This confirms that
GADGET generalizes effectively to novel environments without retraining (a clear
answer to Q1).

To demonstrate the performance of GADGET with different previously unseen
robots, the model is deployed on manipulators with distinct kinematics such as Franka
Panda, Gen3 (7DoF /6DoF), and UR5. GADGET sustains high SR and low CI (Cross-
robot transfer (Q2)). This transfer is driven primarily by the CBF-guided diffusion,
which imposes geometry-aware safety constraints at inference time using the forward
kinematics of the deployed robot, thereby providing corrective gradients that adapt to
variations in link lengths, joint limits, and Jacobians. While the diffusion model learns
joint-space priors implicitly conditioned on the training robot’s morphology (Franka
Panda), the CBF layer acts as a morphology-specific adapter that steers trajectories
toward collision-free regions for the new embodiment. In contrast, MPD, DP3, and

MPNet which lack such runtime geometric feedback degrade more noticeably when
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transferred to unseen robots. This transferability is most effective among commonly
used manipulators in industry with similar kinematic topologies (serial chains with
comparable DOFs); transfer to radically different morphologies (e.g., parallel robots,
soft manipulators) remains an open challenge.

To demonstrate the effect of CBF guidance, the performance of GADGET with
and without this guidance signal was compared. The results show that the addition
of safety constraints markedly reduces collision intensity and raises success rates, par-
ticularly in bin-picking and shelf-manipulation environments where narrow passages
often cause other planners to fail (Q3). This indicates that CBF-guided guidance
improves the safety and enhances reliability in challenging environments.

Finally, in benchmarking against state-of-the-art planners (Q4), GADGET demon-
strates a favorable performance in all of the metrics. Classical sampling-based meth-
ods such as Bi-RRT and BIT* achieve high success rates, but only under generous
search budgets. Specifically, BIT* is capped at 1 second to match the real-time bud-
get; this naturally limits its optimality compared to longer runs. Moreover, Bi-RRT
tends to produce excessively long trajectories, since it grows trees locally and connects
samples opportunistically, often resulting in detours that are not globally efficient. In
contrast, GADGET conditions on the full set of occupied voxel coordinates repre-
senting the scene and learns global spatial priors, enabling it to generate more direct
and corridor-following paths. Interestingly, although GADGET is trained on Bi-RRT
demonstrations, its diffusion-based denoising acts as a form of implicit shortcutting,
capturing common structural patterns from many examples and often producing tra-
jectories that are smoother and shorter than the teacher itself. Unlike MPNet, MPD,
and DP3 which suffer from limited generalization and dependence on demonstra-
tions, GADGET achieves consistently higher success rates, lower collision intensity,

and competitive planning times across diverse environments and robot platforms, all
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Figure 4.4: Mean and variance of joint trajectories generated by GADGET for a
single start-goal query. The shaded area represents the standard deviation across 100
diffusion samples, demonstrating multi-modal planning behavior.

while maintaining path lengths comparable to existing methods.

4.3.2 Multi-Modality of Diffusion-Based Planning

In addition to quantitative performance, one of the most valuable properties of GAD-
GET is its ability to generate diverse trajectories for the same task. This diversity
arises from the stochastic sampling process of the underlying diffusion model, which
models a distribution over feasible paths rather than predicting a single deterministic
solution.

To illustrate this behavior, the joint-wise variance across 100 sampled trajectories
was analyzed for a fixed start and goal configuration. Figure 4.4 shows the mean
and variance for each joint over the planning horizon. The visible variance confirms
that GADGET explores a rich, multi-modal solution space, allowing it to adapt to

different local minima in the trajectory space.
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4.3.3 Design Principles for Generalization

The primary goal of GADGET is to achieve zero-shot generalization to out-of-distribution
(OOD) environments and unseen robot embodiments without the need for fine-tuning.
This capability is crucial for real-world deployment, where robots often encounter
novel workspace layouts, obstacle geometries, and kinematic structures. GADGET
attains this generalization by combining a geometry-centric scene encoding, end-to-

end conditional training, and inference-time safety shaping through CBFs.

Geometry-Centric Scene Representation. GADGET employs a sparse voxel
encoding, a product of multi-view voxel carving, to represent the workspace. The
planner takes as input the coordinates of occupied voxels. The representation, al-
though it only encodes occupied areas, indirectly informs about the structure of free
space through its geometric context. Thus, the diffusion model is made capable of
reasoning about geometry in a category-agnostic manner, which means it can be de-
ployed in shelves or bins, for instance, that were never seen during the training phase.
The generated scene embeddings (Figure 4.5) show clear latent clusters correspond-
ing to different workspace types (spherical, bin, shelf). Despite these differences,
the planner generalizes well, indicating that the diffusion model leverages geometric

structure rather than memorizing specific environment categories.

End-to-End Conditional Training. The occupied voxel coordinates s are mapped
into a latent embedding z = ¢, (s) by a scene encoder ¢,. This embedding, together
with the start and goal joint configurations (gs,¢,), forms the conditioning input
y = {¢s, qq, pu(s)} for the denoising diffusion model €y. During training, the model

acquires the skill of predicting and removing noise from the trajectories 7, following
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Figure 4.5: t-SNE visualization of scene embeddings for spherical, bin, and shelf
environments. The embeddings form distinct clusters, confirming that the latent
distributions differ across environment types while still supporting generalization in
planning.

the standard diffusion objective:

L(0,%) = Erpop, s (1,8), oo, | 1€ — €0(T 8, 9) |17 |, (4.28)

where 7y is an expert path from the dataset and 7 is its noisy version at diffusion
step t. Importantly, there are no direct penalties for collisions that are applied in
the training phase. Instead, the encoder and denoiser are jointly optimized end-to-
end purely through this denoising objective, which enforces the encoder to produce
geometry-aware, semantically meaningful embeddings that remain consistent across

environments.

Inference-Time Safety Guidance. At inference, GADGET denoises a randomly
initialized path over N steps while applying two complementary forms of guidance.
First, classifier-free guidance sharpens the conditional distribution on (gs, g, ¢4 (s)),

improving the model’s sensitivity to task and scene context. Second, a differentiable
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CBF-inspired loss Lopr is computed dynamically at each step based on the robot’s
forward kinematics and the voxel-derived scene structure. The gradient of this loss
biases the reverse diffusion update away from obstacles (Eq. 4.27), steering the tra-
jectory toward safety-compliant regions of the state space. Although the training
objective is agnostic to safety constraints, this energy-based safety shaping at infer-

ence significantly enhances robustness and feasibility in unseen environments.

Robot-Adaptable Formulation. GADGET’s generalization ability across robots
relies on its separation of learned joint-space path priors from the robot-specific
geometric constraints enforced during inference. While the diffusion model learns
collision-free joint-space distributions grounded in the kinematic structure of the
training robot (e.g., Franka Panda), it does not explicitly encode robot kinematics.
Instead, at inference time, the robot-dependent forward kinematics are incorporated
within the CBF loss to compute link-to-obstacle distances and gradients, enabling
geometry-aware safety corrections. This modular design allows the same trained dif-
fusion model to be adapted online to new robot manipulators without retraining,
provided the new morphology shares fundamental kinematic characteristics. How-
ever, as the learned distribution reflects the morphology of the training robot, the
transfer is not universal: trajectories suitable for one kinematic chain may be subop-
timal or infeasible for radically different robots. Thus, the CBF layer serves as a vital
morphology-specific safety interface, steering trajectories for safe cross-embodiment
transfer within a constrained family of manipulators.

The combination of these principles provides an explanation for GADGET’s suc-
cess in non-training environments. The encoder—denoiser duo, tuned through end-
to-end optimization, acquires a latent coordinate system associated with geometry
instead of learned layouts. Although unseen environments produce different latent

distributions that are disjoint from those seen in training, their codes remain inter-
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Table 4.1: Performance of GADGET and baseline planners across diverse test envi-
ronments.

Spherical Obs Bin Picking Shelf Manipulation
Method
T (s) CI (%) PL (rad) SR (%) T (s) CI (%) PL (rad) SR (%) T (s) CI (%) PL (rad) SR (%)

Bi-RRT | 0.2440.12 _ 11.1+4.4 99.9 0.224 0.14 10.7+3.9 100 0.374£0.15 10.7+4.1 100
BIT* 1.0240.02 _ 8.1+2.6 94.9 1.01£0.01 _ 7.6+2.1 90.1 1.0140.02 _ 8.0+2.3 778
MPNet 0.224+0.14  44.1 7.9+1.7 53.8 0.26£0.15 12.9 7.6£1.7 38.7 0.31£0.20  22.3 8.1+1.9 35.1
MPD 1.1540.04 10.3 7.2+1.5 90.0 1.1440.04 14.5 7.6+1.6 52.8 1.144+0.09  20.5 7.8+1.5 26.2
DP3 0.42+0.11 14.6 8.4+2.3 79.4 0.41£0.13 5.4 8.2+2.3 76.3 0.48+0.19 6.9 8.2+2.3 67.8
C\;NAODC(J;BEFT 0.43+0.09  13.9 8.1+2.2 79.9 0.4540.12 5.2 8.5+2.5 85.2 0.6240.23 6.5 8.442.3 74.2
Sﬁ}?gg%“ 0.59+0.08 8.2 8.3+2.2  95.5 | 0.6040.10 4.6 8.7+£2.3 922 | 0.77£0.23 5.9 8.7+24  80.1

Table 4.2: Cross-robot generalization performance of GADGET compared to base-
lines without retraining.

Franka Gen3 (7DoF) Gen3 (6DoF) UR5
Method
T(s) CI (%) SR (%) PL (rad) T(s) CI (%) SR (%) PL (rad) T(s) CI (%) SR (%) PL (rad) T(s) CI (%) SR(%) PL (rad)
MPD | 1.15+0.10  10.3 90.0  7.3+£1.5 | 1.08+0.04 17.8 55.8  9.8+1.9 | 1.01£0.05 212 46.8  T.7+£1.6 | 1.04£0.03 294 389 7.9+27
DP3 0.4240.12  14.6 794 84423 |042+0.11 157 726 94427 |0.38+0.08 14.1 754 86426 |0.39+£0.09 224 522 82424
GADGET | 0.59+0.08 8.2 95.5 83422 |0.61+0.07 7.1 97.7  9.8428 |0.714£0.17 6.7 97.9 87424 0674009 11.4  89.7 82+20

pretable by the denoiser because the semantics of the latent space are consistent.
Additionally, inference-time safety guidance reinforces feasibility further that makes

zero-shot planning across new environments and robots possible.

4.3.4 Ablation on CBF Guidance Parameters

To determine the influence of the CBF parameters (the safety margin ¢ and the tem-
poral constraint factor aepe) on the planner’s behavior, an ablation study is conducted
in the spherical environment. The safety margin € defines the minimum required dis-
tance from the obstacles. The increasing of ¢ leads to a more conservative safety
buffer, thereby reducing the risk of collision but at the same time prolonging the path
as the planner has to go further away from the obstacles. The temporal factor agpe

determines the aggressiveness of the planner in moving towards the safety boundary
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Figure 4.6: Success rate (left) and collision intensity (right) across spherical, bin, and
shelf environments. GADGET outperforms learning-based baselines (MPNet, MPD,
DP3), achieving higher success with lower collision rates, while CBF guidance further

enhances safety.

between the denoising steps. Small a.pe values demand careful, slow updates, while
large apr values relax the constraint, which can lead to faster convergence but also
overshooting during the passage near obstacles.

The impact of these parameters on the safety—performance was assessed by ana-
lyzing four main metrics. The success rate (SR) reflects the portion of queries that
managed to attain the goal without any collisions and higher values indicate more reli-
able performance. The PL captures the total joint-space distance of the planned path.
The minimum clearance (dp;,) indicates the closest distance between any robot link
and the nearest obstacle along the path, with larger values indicating safer motion;
this metric naturally grows as € increases due to the enforced wider safety margin.
Finally, CI represents the fraction of path waypoints in collision, where lower values
reflect stricter adherence to hard safety constraints. It should be acknowledged that
the occasional invasion of the soft safety buffer (determined by €) does not invariably
signify unsafe motion since the planner might still steer clear of collisions while taking

advantage of the broader feasible region to enhance success rate.
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Figure 4.7: Ablation on CBF guidance parameters. FEach curve shows the
effect of e for a fixed safety margin e. (Top-left) Success rate (SR): moderate
aepr (typically 0.10-0.20) yields the best feasibility; very small aps can overconstrain
updates and very large a.pr can destabilize denoising near obstacles. (Top-right)
Path length (PL): increases with € because larger margins shrink the feasible space and
force detours, illustrating an SR-PL trade-off. (Bottom-left) Minimum clearance
(duin): higher is better; confirms that trajectories remain collision-free even when soft
margins are occasionally entered. (Bottom-right) Collision intensity (CI): lower is
better; near-zero CI with high SR indicates robust safety in practice.

The impact of the CBF guidance parameters o, and € on performance and safety
is shown in Figure 4.7. The success rate shows a characteristic inverted—U dependence
on agpe. Very small o values overly constrain updates and reduce feasibility, whereas
very large values relax safety constraints too aggressively and can destabilize the
denoising process near obstacles. Apart from that, SR most of the time increases as €
gets larger, mainly because the planner benefits a wider feasible region and stronger
safety constraints.

The increment in path length that comes with the increase in € is due to the
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reduction of the free configuration space as a result of wider safety margins and
the necessity of detours around the obstacles. The implication is that there is a
fundamental trade-off; the larger the value of ¢, the better the SR and the safer the
operation but at the cost of longer and less efficient trajectories. However, this trade-
off can be adjusted according to the application. For example, in the case of a safety-
critical task, priority can be given to the success rate, whereas for highly efficiency-
oriented tasks, shorter trajectories may be preferred. The average minimum clearance
dmin is a direct indicator of how much the robot approaches the obstacles. As it was
expected, dn;, is larger with the larger €, thus it proves that the planner keeps larger
clearances when this is necessary. However, at the same time, the collision intensity
remains near zero for most parameters. This implies that even when the trajectories
go into the soft safety zone, they do not violate the hard collision constraints very
often. These patterns confirm the strength and flexibility of GADGET over a very

wide range of parameter settings and without the need for intensive fine-tuning.

4.4 Real-world Implementation

The real-world execution of GADGET follows a five-stage pipeline:

1. Environment Scanning: An end-effector-mounted RGB-D camera captures
multiple views of the workspace from different angles. These observations pro-

vide depth data critical for scene understanding.

2. 3D Reconstruction: The captured multi-view depth images are fused using

opendD library to reconstruct a 3D model of the workspace.

3. Digital Twin Generation in PyBullet: To generate a digital twin of the real
workspace the reconstructed voxel map is imported into PyBullet (Figure 4.9).

This simulated replica will be used for collision evaluation.
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(a) (b)

(c)

Figure 4.8: Practical implementation setup on the Kinova Gen3. The robot starts
from configuration (a), moves to an intermediate goal (b), and finally proceeds to
target (c). GADGET is tasked with generating collision-free trajectories between
these waypoints.
4. Path Generation via GADGET: Given the voxel-encoded scene and goal
condition, GADGET smaples a set of joint-space path using its conditional

diffusion model, guided at inference time by CBF-based safety constraints.

5. Robot Execution: The generated path is streamed to the physical robot con-
troller for execution. Since planning occurs directly in joint space, no additional

inverse kinematics is required.

This pipeline is used to demonstrate GADGET’s ability to real-world scenarios
without any retraining. By combining scene perception with CBF-guided generative
planning, the framework acts as a robust zero-shot path planner, capable of adapting
to arbitrary changes in workspace geometry. Figure 4.8 shows our real-world setup. 50
trajectories were sampled from GADGET for this task, of which 38 were successful.
those were implemented on the real robot using the Kortex API [185]. The high-

level control mode were used and the maximum velocity of all six joints was limited
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(a) (b)

Figure 4.9: (a) Digital twin of the environment in PyBullet used for planning and
evaluation. (b) 3D reconstruction of the same environment obtained from the depth
camera.

to 35°/s during hardware deployment to ensure safety. This velocity cap was also
used to compute the trajectory duration for each path segment. 30/38 collision-free
paths were obtained, demonstrating GADGET’s efficacy of generating diverse success
solutions. The remaining 8 trajectories that collided with the obstacles are due to
the inaccurate 3D reconstruction and digital twin generation.

The success of this deployment highlights the practical potential of diffusion-based
planners for industrial robotic manipulation. Notably, the real-world implementation
employs the same model trained entirely in simulation using spherical obstacle envi-
ronments and the Franka Emika Panda arm, demonstrating strong generalization. To
further illustrate the deployment, Figure 4.10 presents representative real-world exe-
cution data recorded during experiments. These results confirm that the trajectories

generated by GADGET in the digital twin can be reliably executed on hardware!.

LA video demonstrating the simulation results and real-world deployment is available at the
following link: https://youtu.be/60cxqQTG2d0


https://youtu.be/6ocxqQTG2d0
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Figure 4.10: Experimental dataset samples collected from the real Kinova Gen3 setup.
These data are used to assess GADGET’s generalization under practical conditions.

4.5 Conclusion

This chapter introduced GADGET, a generalizable and adaptive motion planning
framework that leverages conditional diffusion models for generating collision-free
paths in unseen environments and across different robot platforms. By integrating
voxel-based scene encoding, classifier-free guidance, and CBF-inspired safety mech-
anisms, GADGET addresses core limitations of prior learning-based planners that
struggle with generalization and constraint satisfaction.

Extensive evaluations demonstrated that GADGET:

e Generalizes to novel environments, such as bin-picking and shelf manipulation

scenes, without retraining.

e Successfully transfers to different robotic arms with distinct but similar kinemat-
ics, including Kinova Gen3 and UR5, thanks to its modular and robot-agnostic

design.

e Outperforms both classical and modern state-of-the-art planners (Bi-RRT, BIT*,
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MPNet, MPD, DP3) in terms of success rate and safety.

e Benefits significantly from CBF-guided inference, which improves safety and

path feasibility.

Overall, GADGET bridges the gap between generative trajectory synthesis and
practical robot motion planning by unifying geometric scene understanding, safety-
aware inference, and task-driven conditioning into a single, flexible framework. These
results position GADGET as a promising solution for safe and adaptive robotic plan-

ning in dynamic and unstructured real-world environments.
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Chapter 5

Concluding remarks

5.1 Summary of Contributions

Motion planning plays a pivotal role in enabling intelligent, autonomous behavior for
robotic manipulators, particularly within industrial environments that demand speed,
precision, safety, and adaptability. The contributions of this thesis address long-
standing limitations in classical and learning-based motion planning approaches by
introducing two novel frameworks: PPCNet and GADGET. These models not only
advance real-time planning performance and safety but also introduce mechanisms for
generalization to unseen environments and robotic arms which is a critical requirement
for practical, large-scale deployment in modern factories, warehouses, and service
robotics.

This dissertation advances the state of the art in robotic motion planning through
the following key contributions:

PPCNet: A deep learning-based framework composed of two coordinated neural
networks: a waypoint planner and a learned collision checker. PPCNet accelerates

path planning while maintaining safety, particularly in repetitive tasks such as indus-
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trial bin-picking. Its use of DAgger-based imitation learning and population-based
labeling ensures robustness, and its architecture achieves substantial gains in planning
time without compromising trajectory quality.

GADGET: A conditional diffusion model-based planner that generates safe, fea-
sible trajectories conditioned on task-specific embeddings (start/goal states and scene
representations). GADGET employs CBF-based guidance during inference to ex-
plicitly inject safety constraints, thereby bridging generative trajectory sampling and
real-time collision avoidance.

Generalization: Both frameworks were evaluated across different robotic plat-
forms and diverse obstacle configurations. GADGET, in particular, demonstrated
generalization to new environments and robot arms without retraining which is a
crucial step toward scalable and flexible deployment.

Safety-Aware Learning: This work incorporates safety directly into the learn-
ing process. PPCNet introduces a fast, learned collision checker; GADGET uses a
differentiable CBF-guided loss to enforce obstacle avoidance during trajectory gener-

ation.

5.2 Limitations

Despite demonstrating strong generalization capabilities and real-time performance,

the GADGET framework presents several limitations that merit discussion.

Computational Overhead. Diffusion models operate through an iterative de-
noising process, often requiring hundreds of refinement steps to generate a single
trajectory. While this allows for sampling from complex trajectory distributions, it
introduces latency that can hinder responsiveness in high-dimensional spaces or long-

horizon planning tasks. Although GADGET remains suitable for real-time applica-
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tions under powerful hardware, its inference time may pose challenges for deployment

on resource-constrained embedded systems.

Limited Adaptability to Dynamic Environments. At present, GADGET op-
erates only in static environments. The lack of real-time reactivity constrains its
applicability in dynamic or collaborative scenarios, such as those involving human
interaction or moving obstacles, where continuous adaptation to changing conditions

is essential.

Heuristic Safety Guarantees via CBF Guidance. To improve collision avoid-
ance, GADGET employs CBF guidance into the diffusion process. While effective
in steering trajectories away from obstacles, the CBF signals are integrated as soft,
heuristic gradients rather than hard constraints. As such, there is no formal guar-
antee that every sampled trajectory will be collision-free, particularly in cluttered or

highly constrained environments where gradient-based guidance may be insufficient.

Absence of Kinodynamic Constraints. The GADGET planner generates joint-
space trajectories without using robot dynamics such as velocity, acceleration, or
torque limits. The lack of time-parameterization or kinodynamic feasibility checks
during planning means that additional post-processing is required to produce exe-
cutable trajectories. This limitation restricts the applicability of GADGET in sce-
narios where dynamic constraints play a critical role, such as high-speed manipulation
or interaction with fragile objects.

In summary, while GADGET presents a promising step toward generalizable and
safe motion planning, addressing the above limitations is essential for broader adop-

tion in real-world industrial and collaborative robotic applications.
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5.3 Future Work

While the proposed methods mark a substantial step forward in generalizable motion
planning, several avenues remain for future research to further enhance adaptability,

safety, and automation:

1. Online Adaptation for Dynamic Environments: A critical direction is
enabling GADGET to handle dynamic scenes where obstacle configurations
may change during planning or execution. This could involve incorporating
real-time scene updates into the voxel encoding pipeline and leveraging fast
environment encoding techniques. Furthermore, integrating predictive models
or recurrent architectures could help anticipate future changes and adapt tra-
jectories on-the-fly. Another promising approach is to combine GADGET with
online replanning strategies or streaming diffusion variants that allow for partial
trajectory refinement in response to environmental changes without restarting

the entire sampling process.

2. Stronger Safety Guarantees Through Constrained Sampling: To over-
come the heuristic nature of current CBF-guided sampling, future work could
explore constrained generative modeling approaches. For instance, projecting
samples back into the feasible set using differentiable optimization layers or hard
barrier certificates could enforce strict safety. Alternatively, combining diffusion
with reachability analysis or control-theoretic verification may provide formal

safety guarantees during inference.

3. Integration of Kinodynamic Constraints: Enhancing GADGET to gener-
ate time-parameterized trajectories that account for velocity, acceleration, and

torque limits would extend its applicability to high-speed and force-sensitive
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tasks. This can be achieved by incorporating dynamics-aware priors or condi-

tioning the diffusion model on kinodynamic feasibility metrics.

. Automated Forward Kinematics via LLMs: A major bottleneck in adapt-
ing motion planners to new robots lies in constructing forward kinematics (FK)
modules. Large Language Models (LLMs) can automate this process by pars-
ing URDF files and programmatically extracting the Denavit—Hartenberg (DH)
parameters. Such an LLM-based DH extractor could translate URDF joint and
link specifications into symbolic FK chains, accelerating deployment on new
robotic platforms and reducing the need for manual modeling. Coupling this
capability with automated code generation would enable plug-and-play motion

planning for arbitrary robot arms.

. Hybrid Learning-Classical Planning Systems: Future systems could com-
bine the strengths of learning-based planners like GADGET with classical algo-
rithms such as RRT*, CHOMP, or TrajOpt. For instance, GADGET’s sampled
trajectories could serve as informed priors or initial guesses for optimization-
based planners, enabling faster convergence while preserving optimality and con-
straint satisfaction. Similarly, in multi-query settings, classical methods could

act as global solvers with GADGET providing local trajectory refinements.

. Multi-Robot and Multi-Arm Coordination: Extending the proposed frame-
works to multi-robot or multi-arm systems introduces new research challenges in
distributed planning, collision avoidance, and joint task execution. GADGET
can be augmented with scene-level awareness that accounts for the presence of
other agents, or with shared latent spaces for synchronized trajectory genera-
tion. Incorporating shared safety constraints and communication protocols will

be essential for safe and scalable deployment in collaborative settings.
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7. Task and Motion Planning Integration: To enable fully autonomous be-
havior in complex tasks, future planners should integrate low-level motion gen-
eration with high-level task reasoning. This can be achieved by conditioning
diffusion-based planners not only on geometric and goal constraints, but also on
symbolic task representations which enables planning over sequences of actions

with both logical preconditions and continuous feasibility requirements.

5.4 Closing Remarks

This thesis has explored the intersection of deep learning, generative modeling, and
safety in robotic motion planning. By developing and evaluating PPCNet and GAD-
GET, it has provided concrete pathways toward planners that are real-time, safe,
and adaptable which are properties that are critical for widespread deployment in
industrial and service robotic systems.

The research demonstrates that it is now feasible to generate feasible and safe
robot trajectories not only faster than traditional methods but also more flexibly
across tasks, robots, and environments. With further integration of techniques such
as LLM-based automation and hybrid planning the foundations laid in this work can
be expanded to power a new generation of intelligent, autonomous robotic systems
capable of operating safely and efficiently in the complex, unstructured environments

of the real world.
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