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Robots operating in the physical world must generate motions that are not only directed

toward a task objective, but also admissible under the kinematic and dynamic constraints of the

robot-world system. In manipulation, these constraints—for instance, contact geometry, friction,

actuation limits, and object inertia—determine not only which states are reachable, but also which

transitions are physically realizable and which regions of the motion space are meaningful to search.

This thesis develops traditional and learning-based planning methods for manipulation problems

in which both kinematic and dynamic constraints shape the set of achievable behaviors.

In developing these methods, my work expands the scope of robotic manipulation beyond

geometric pick-and-place by incorporating dynamic non-prehensile skills and motions governed

by object inertial properties, impulsive contact, and motion-induced forces. First, it introduces

dynamics-aware planning methods that evaluate admissibility online through kinodynamic primi-

tives, physics simulation, and control-aware search, enabling manipulation behaviors involving im-

pulsive contact, coupled robot-object dynamics, and liquid transport. Second, it develops reusable

kinodynamic planning representations that amortize repeated feasibility computation while pre-

serving explicit dynamically feasible motion structure across related manipulation queries. Third,

it transfers admissibility knowledge into conditional generative models that rapidly sample trajec-

tories conditioned on task, embodiment, and physical parameters such as payloads and actuation

limits. Fourth, it reframes constraint identification in terms of induced behavior, using anchor

probes to compare constraints by behavioral equivalence rather than by perceptual or parameter

similarity alone. Together, these contributions expand the range of manipulation behaviors that

robotic systems can plan for and execute, and provide methods for doing so efficiently as task

conditions, embodiments, and physical parameters of the robot-world system change.
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Chapter 1

Introduction

1.1 Motivation

Robotic manipulation has advanced substantially along two complementary domains: de-

ployed industrial systems operating in structured settings, and learned robot policies that aim

to generalize across broader classes of objects, scenes, and tasks. In industrial settings, manip-

ulation systems now support tasks such as bin picking, depalletizing, truck unloading, machine

tending, assembly, and warehouse automation. These systems are typically built as engineered

pipelines: perception modules localize objects and estimate scene structure, planners compute fea-

sible motions, and controllers execute those motions on physical hardware. Their success relies on

a combination of constrained task design, calibrated sensing, compute-efficient motion generation,

and accumulated engineering effort over repeated deployment cycles, enabling reliable manipulation

in settings where the objects, workspaces, and task objectives are sufficiently well-specified.

In parallel, the field has seen growing interest in general-purpose learned policies. Rather

than designing a new perception-planning-control stack for each task, these methods aim to acquire

manipulation behaviors from large and diverse datasets, simulation, teleoperation, reinforcement

learning, or combinations of these sources [18, 157, 22, 3, 160]. The promise of this direction is

that robots may eventually generalize across objects, scenes, and task variations without requiring

extensive task-specific engineering. Together, engineered pipelines and learned policies represent

two ways that modern manipulation systems are being scaled: one through modular systems that

can be debugged and adapted to real deployments, the other through data-driven generalization.
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Despite their methodological differences, many successful manipulation systems across both

settings assume the task can be treated as a primarily geometric or quasi-static problem. In

the prehensile (or pick-and-place) case, once an object is securely grasped, its motion is largely

determined by the motion of the robot, and planning can focus on grasp validity, reachability,

collision avoidance, joint limits, and other configuration space constraints. Even when manipulation

is not strictly prehensile, many tasks are executed slowly enough, or under sufficiently controlled

contact conditions, that inertial effects and higher-order dynamic constraints do not play a role.

This abstraction has motivated decades of work in grasp synthesis, motion planning, and

robot control, and it continues to underlie many modern manipulation systems [12, 14, 85]. Recent

advances in geometric planning infrastructure have further strengthened this paradigm, including

GPU- and SIMD-parallelized collision checking and forward kinematics [138, 140], large-scale robot

motion datasets [102], and high-fidelity simulation environments [25]. However, many useful ma-

nipulation behaviors are not captured by geometry alone. Humans routinely exploit physical effects

that are difficult to express as purely kinematic constraints: pushing an object without grasping

it [89, 136], striking or throwing to accumulate velocity [155], using momentum to move heavy

objects, adapting motion to changing payloads, or continuing a task after a mechanical failure [17].

In the context of robotic manipulation, a pushing action cannot be evaluated only by the collision-

free path of the end-effector, because the object trajectory depends on surface friction and object

inertia [89]. Similarly, a robot transporting a liquid-filled container cannot reason only about the

swept volume of the cup, because accelerations may induce sloshing or spilling [1].

This thesis studies manipulation through the lens of constraints on motion generation. I use

the term kinematic constraints to refer to constraints on the geometry of motion, including joint

position limits, self-collision avoidance, environmental obstacle clearance, reachability, singularity

avoidance, and valid grasp sampling. These constraints define where the robot can be placed and

how it can move through configuration space without violating geometric feasibility. I use the term

dynamic constraints to refer to constraints that depend on the physics of motion. Dynamic con-

straints arise from two broad sources: i) higher-order robot constraints: limits on velocity, accelera-
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tion, jerk, torque, traversal time, and related quantities imposed by the robot’s kinematic structure,

actuators, and control limits [112, 11]; and, ii) task-induced dynamic constraints: constraints im-

posed by robot-object interaction, including contact mechanics, friction, inertial coupling, payload

mass, deformable object behavior, fluid motion, and motion-induced phenomena such as sloshing.

Unlike purely geometric constraints, these constraints depend not only on the configuration of the

system but also on the trajectory by which that configuration is reached.

The central motivation of this thesis is that dynamic constraints are not secondary details

to be handled only after a geometric plan has been found—they shape the feasible motion space

itself. Accounting for them during motion generation can expand the class of behaviors available to

robots, especially in tasks where useful behavior depends on contact, force, inertia, momentum, or

the limits of the robot’s own embodiment. Expanding manipulation capability therefore requires

moving beyond kinematic behaviors to plan under dynamic constraints, enabling robots to reason

about both their available embodiment and the complex physical interactions induced by the task.
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1.2 Contributions

Payload Transport Liquid Handling
Dynamic Manipulation Capabilities

Non-Prehensile Manipulation Actuation Failures

Online Evaluation of
Kinodynamic Feasibility

Single-Query
Kinodynamic Planning

Multi-Query
Kinodynamic Planning

Kinodynamic
Trajectory Diffusion

Reusable Constraint Structure
for Dynamic Feasibility

Compressed Representation
for Kinodynamic Feasibility

My Contributions

Figure 1.1: My thesis work progresses from sampling-based kinodynamic planning to diffusion-

based trajectory generation, leveraging various modeling approaches applied to a broad class of

manipulation problems that are subject to both kinematic and dynamic constraints.

1.2.1 Themes

This dissertation develops planning and learning methods for dynamic manipulation that ex-

pand robot capability beyond predominantly geometric pick-and-place to tasks governed by object

inertial properties, impulsive contact, and motion-induced forces. Three families of methods are

developed, each incorporating dynamic feasibility into the motion generation process differently:

Part I: Online Evaluation of Kinodynamic Feasibility (Chapter 3). The first part

develops dynamics-aware planning methods for non-prehensile manipulation involving impulsive

contact, coupled robot-object dynamics, and liquid transport, exploiting physical constraints di-
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rectly through kinodynamic primitives and simulation-based forward reasoning. In this setting,

the planner maintains an explicit connection between sampled actions and dynamically feasible

outcomes, but pays the cost of physics-based reasoning during each planning query.

Part II: Reusable Constraint Structure for Dynamic Feasibility (Chapter 4). The

second part develops lazy reusable kinodynamic planning representations for multi-query manipula-

tion, reducing repeated planning cost while preserving explicit dynamically feasible motion structure

across related problems. Kinodynamic admissibility is not fully recomputed from scratch; instead,

prior feasibility computation is stored in a reusable structure and selectively validated when needed.

Part III: Compressed Representation for Kinodynamic Feasibility (Chapter 5–

Chapter 7). The third part develops conditional generative models for dynamic manipulation

that rapidly sample trajectories conditioned on physical parameters such as payload mass and

embodiment configuration. The thesis further considers scalability to multiple tasks and high-

dimensional problem spaces by framing the problem of constraint identification in terms of induced

behavior rather than perceptual or parameter similarity.

1.2.2 Roadmap

Chapter 3 develops methods in which dynamic feasibility is evaluated online: constraint

knowledge resides in a forward model, and each planning query incurs the full cost of feasibility

checking. The chapter introduces poking as a dynamic non-prehensile manipulation primitive,

using impulsive contact within a sampling-based planner to achieve object rearrangement without

explicit contact modeling. Across six scenarios, poking achieves higher success rates and lower task

completion times than pushing and grasping baselines. A case study within the chapter applies

the same online-evaluation principle to spill-free liquid transport in cluttered environments, where

coupled robot-object dynamics constrain feasible motion; the resulting planner expands feasible

spill-free solution spaces by up to 3× over prior approaches.

Chapter 4 introduces the first amortized representation: constraint knowledge is moved

upstream into precomputed control-parameterized edge bundles, reducing per-query cost while
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preserving kinodynamic feasibility through lazy propagation and collision checking. A case study

within the chapter carries this precomputation principle into the task space, constructing reusable

motion structure for whole-body manipulation under locked multi-joint failures and maintaining

up to 92% of the nominal reachable workspace under failures.

Chapters 5 and 6 develop a more scalable form of amortization: constraint knowledge

is absorbed into the parameters of a conditional trajectory distribution during training, elimi-

nating runtime feasibility checking entirely. Chapter 5 reframes motion generation as conditional

sampling, establishing the conceptual bridge between kinodynamic planning and trajectory diffu-

sion models. Chapter 6 develops a diffusion-based trajectory generator conditioned on task-level

dynamic properties such as payload mass, enabling super-nominal payload manipulation without

runtime constraint checking. The method achieves super-nominal payload manipulation—67.6%

workspace accessibility at 3× rated payload capacity—in approximately 10 ms without runtime

constraint checking, and generalizes to fail-active manipulation under actuation failures. A case

study within the chapter extends the same conditioning principle to fail-active manipulation under

actuation failures, demonstrating adaptation to changes in robot embodiment.

Chapter 7 presents a more broadly applicable form of conditioning for the kinodynamic tra-

jectory diffusion model. A task-agnostic conditioning mechanism represents dynamic constraints

as robot state samples to generate near-feasible trajectory seeds that improve optimization conver-

gence and feasibility across diverse manipulation tasks without task-specific engineering.

Finally, Chapter 8 synthesizes the thesis contributions, discusses their implications for

dynamics-aware robot manipulation, and outlines directions for future research.



Chapter 2

Prior Work in Manipulation Planning with Dynamics

Higher-order constraints such as joint torques and end-effector accelerations can be addressed

through several approaches that range from “plan-and-filter” methods which post-process geometric

paths [1, 67] to kinodynamic planners that directly incorporate dynamics during planning [79,

99]. Broadly there are three classes of methods (Figure 2.1) spanning search, optimization, and

inference—the literature is vast so we focus our approaches on manipulation tasks which involve

the consideration of environment or object dynamics in addition to robot dynamics.

2.1 Planning as Search

At its very basic, this class of methods involves finding a configuration-space path is generated

to satisfy geometric constraints including collision avoidance and joint limits [56, 72, 103]. Subse-

quently, time parameterization is applied—through bang-bang control or optimization techniques—

to minimize traversal time while respecting velocity and acceleration constraints [113, 112, 83, 11].

The resulting trajectory is then evaluated against environmental dynamic constraints [31]. This se-

quential process iterates until identifying a trajectory that successfully enables the desired dynamic

robot-object interaction. Although modular in nature which allows for the tuning of each compo-

nent, this sequential framework may yield sub-optimal solutions and be computationally inefficient

due to iterative refinement cycles when trajectories fail to satisfy all constraints, particularly when

environmental models are inaccurate or constraints are too restrictive.

Kinodynamic planning simultaneously considers robot and object dynamics through inter-
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constraints span three broad categories: search, optimization, and inference, with hybrid methods
existing at each of their intersections.
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leaved state space exploration and control propagation. Many approaches employ steering functions

(inverse models) to connect states. Examples include DIMT-RRT’s quadratic steering function that

obeys joint acceleration limits and non-zero initial and goal velocities [68], AVP’s computation of

reachable velocities along a geometric path [114, 51], and LQR-RRT*’s linearized dynamics with

quadratic cost functions [110, 20]. Alternatively, forward control propagation methods use random

states and actions to construct dynamically feasible trees [108]. SyCLoP and KPIECE guide ex-

ploration via state space discretization [116, 137], while SST optimizes paths through pruning and

heuristic biasing [79]. GBRRT and GABRRT employ multiple propagation methods with bidirec-

tional search [99]. Other techniques pre-map valid motions and search discretized state and control

spaces [130, 16]. Despite theoretical completeness guarantees under certain conditions [63], these

methods face practical limitations in high-dimensional spaces and exhibit high variance in planning

times, particularly when dealing with uncertainty and planning near operational limits [62].

2.2 Planning as Optimization

Optimization-based methods naturally integrate dynamics constraints by framing motion

planning as the minimization of objective functions (e.g., smoothness, time optimality) subject to

equality and inequality constraints that enforce collision avoidance, robot limitations, and dynamic

feasibility [119, 52, 127, 141, 105, 45]. Typically formulated as quadratic programs, these approaches

guarantee constraint satisfaction but demonstrate high sensitivity to initialization quality. This

dependency has prompted the development of hybrid methodologies that bootstrap the optimization

process with sampling or learning-based initializations [44, 67, 151]. These integrated approaches

leverage the strengths of both paradigms: the exploration capabilities of sampling/learning methods

for identifying promising trajectory seeds, and the precision of optimization for refining solutions to

satisfy strict dynamic constraints. Optimal control formulations for dynamics-aware manipulation

also exist [4, 60]. Despite their theoretical rigor, they face practical limitations in handling complex

constraints and achieving reliable convergence for real-world manipulation problems.
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2.3 Planning as Inference

Finally, learning-based approaches offer promising directions for both generalizability and

efficient trajectory generation while respecting system dynamics. Autoregressive models implicitly

encode dynamics through dataset design [30, 118], while recent diffusion-based approaches provide

non-autoregressive alternatives with improved sampling diversity [49, 21, 123, 128, 41]. Task-level

diffusion policies, conditioned on visual embeddings [22] or abstract specifications such as returns,

constraints, and skills [2], demonstrate potential for generating diverse behaviors from high-level

task specifications. While these approaches yield impressive real-world behaviors, provide continual

improvement over deployment lifespan, and avoid explicit state space exploration for each new

query, they typically focus on position-controlled tasks and grasping-based manipulation and incur

significant training and data acquisition costs.

2.4 Hybrid Approaches

Hybrid approaches can also exist at each intersection of the aforementioned methods and

leverage the benefits of each to create a more robust system. At the intersection of search-based

and optimization-based methods, hybrid techniques typically begin with a seed path generated

through sampling-based algorithms and subsequently fit controls to this solution [67]. This approach

combines the exploratory advantages of search-based methods with the refinement capabilities of

trajectory optimization. In search-based planning, neural networks generate task-biased state space

samples [90], while in optimization contexts, they provide informed seeds for trajectory optimization

[44]. This integration addresses the initialization sensitivity of pure optimization approaches while

maintaining their convergence properties.

Despite progress across methods in search, optimization, and inference, significant challenges

remain in developing unified approaches that can handle complex robot-object dynamics while

maintaining computational efficiency and generalizability across multiple tasks—a gap my work

directly addresses to enable a broad range of new capabilities that rely on kinodynamic reasoning.



Chapter 3

Online Evaluation of Kinodynamic Feasibility

Chapter 2 reviewed motion-generation methods for manipulation under dynamic constraints,

including kinodynamic search, optimization-based formulations, learning-based models, and hybrid

approaches. This chapter focuses on kinodynamic search with forward propagation: candidate

actions are sampled by the planner and feasibility is evaluated entirely online, by rolling out a

physics simulation as the forward model. This enables poking to act as a complementary non-

prehensile primitive that extends manipulation capability beyond pick-and-place by using brief

impulsive interactions to move objects where pick-and-place fails. A case study at the end of

the chapter applies the same online-evaluation principle to spill-free liquid transport in cluttered

environments, where coupled robot-object dynamics constrain feasible motion.

3.1 Introduction: Poking as a Complementary Non-Prehensile Primitive

Humans engage naturally in multiple forms of dexterous manipulation that involve grasp-

ing, pushing, poking, rolling, and tossing objects [19]. Consequently, the development of similar

functionality in autonomous machines is an essential milestone for robotics and an area of active

research with fundamental work needed ahead [12]. However, the human manipulation skill that

has attracted the most attention from roboticists is prehensile manipulation, or grasping. Manipu-

lation by grasping is attractive primarily because, once an object is grasped, it generally does not

need to be tracked over time and uncertainty on its state is reduced. However, grasping is limited in

capability by i) reachability of the robot arm, ii) mechanical design limitations of the end-effector,
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iii) physical properties of the object being manipulated, and iv) accuracy of the perception system.

Non-prehensile manipulation (i.e., any kind of manipulation not involving grasping, here-

inafter referred to as NPM) offers a complementary solution to prehensile manipulation by sig-

nificantly expanding the size (intended as the set of reachable configurations) and dimensionality

(intended as the number of degrees of freedom) of the operational space of even the simplest

robot manipulator [82]. In other words, NPM can be used to manipulate objects when conven-

tional grasping-based manipulation is infeasible or unnecessary. Realistic robot applications might

expect the robot to operate in dense clutter, in the presence of occlusions, or in ungraspable

configurations—for example, the target object is in a pose that is not directly reachable by the

end-effector or the target object is too large or too heavy. These applications may result in failure

modes for robot operation through traditional grasping. Consequently, in such situations it is ben-

eficial to complement the robot’s skillset with NPM primitives. Indeed, NPM can be used both as

a skill and a failure recovery mechanism, which points to the versatility of this paradigm.

In this work, we demonstrate the utility of NPM through poking, a skill that allows fast

object manipulation and expands the size of a manipulator’s reachable workspace. The basic idea

behind this work is detailed in Figure 3.1. Poking is a NPM primitive wherein a robot end-effector

applies an instantaneous force to an object of interest to set the object in planar translational and

rotational motion (impact phase). The object eventually slows down and comes to rest due to

Coulomb friction (free-sliding phase). Poking has a multitude of desirable properties that makes

it complementary to grasping and serves as a generalized form of pushing where applied impulse

forces are low [42, 107]. These characteristics make poking especially suitable for industrial settings

where robots need to operate in their delineated workspaces alongside other robots or humans while

still being able to pass objects. Additionally, in logistics or e-commerce settings, poking can be

used for either stowing objects in boxes or in synergy with pick-and-place to optimize operations

by increasing speed and coverage area.

We design and implement two closed-loop, kinodynamic, sampling-based planners called Pok-

eRRT and PokeRRT* which decouple skill modeling and path planning and specifically focus on
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Poke

Push

Pick-and-Place

Figure 3.1: This work demonstrates poking as a skill and a failure recovery tactic to increase the
portfolio of capabilities at the robot’s disposal. Here, an object (blue) is located in an obstacle-rich
(red) workspace with non-overlapping reachable regions for each robot defined by beige and green
shading. The first robot manipulates the object into the green region successfully via poking (path
shown in green), but fails to do so via pushing or grasping (paths shown in orange and purple,
respectively).
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leveraging the following advantages of poking over pushing and grasping: i) it does not require

constant contact between the manipulator and the object, therefore greatly expanding the size of

the manipulator’s workspace, ii) it does not impose restrictions on the shape or size of objects that

can be manipulated, and iii) it is inherently faster and therefore capable of covering large distances

in short periods of time.

3.2 Background and Related Work

Research in non-prehensile manipulation dates back to the 90s [82, 122, 142], with the vast

majority of prior work leveraging heuristics or analytical models based on simplifying assumptions.

Related work has focused on skills such as throwing [155], poking [42], and pushing [146, 132, 88].

More recently, pushing manipulation has received increased attention due to availability of large-

scale datasets and the inherent controllability of the skill [9]. Pushing operates under the quasistatic

assumption (i.e., the inertial effects of robot–object and object–environment interaction are ignored)

to reduce modeling complexity, thereby limiting robot velocities and accelerations. On the contrary,

poking must plan around the non-negligible effects of inertial forces: the object continues moving

after robot–object contact is broken, thus allowing for faster planar manipulation of objects. Past

work in pushing manipulation incorporates simulation and analytical models in a motion planning

loop to get the next feasible state [161, 158]. Additional contributions in push modeling involve

combining object state estimation with affordance prediction from image data to determine contact

points for achieving the optimal push [64] and creating a deep recurrent neural network model to

model push outcomes for a variety of objects [76]. However, both approaches use a greedy planner

operating in obstacle-free environments. In this work, we propose a sampling-based kinodynamic

framework that is capable of planning dynamic collision-free paths in the object configuration space.

Past work on sampling-based planning techniques for non-prehensile manipulation involve

kinodynamic approaches to rearrangement planning and whole-arm manipulation. This work is

constrained by the quasistatic assumption, thereby limiting object manipulation speed through the

use of non-dynamic primitives [61]. However, when operating in a dynamic regime, lack of kinematic
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modeling of the robot and lack of contact modeling between the robot arm and environmental

objects may result in unusable actions explored during the planning phase [37]. These approaches

also employ an open-loop paradigm and do not consider robot, sensing, and model uncertainty.

Moreover, open-loop kinodynamic planners that consider uncertainty in the planning process may

generate conservative plans that do not exploit robot and object dynamics to their full extent [95].

Our approach uses a simulation engine that considers robot kinematics and contact while planning

and operates in a closed-loop manner, replanning if the resultant pose is outside a certain threshold.

In all, evidence from prior work suggests that poking—sometimes referred to as “releasing”

or “impulsive manipulation”—is a relatively unexplored primitive. Analytical models for poking

dynamics are restricted to rotationally symmetric objects or situations where pusher–object contact

can be geometrically modeled [42, 159]. The need for specialized impulse-delivery apparatus to

achieve poking is explored in [42]. This makes planar manipulation of objects cumbersome due to

the manual relocation of the apparatus required. In this work, we use a standard open-chain robot

arm equipped with an electric parallel gripper to deliver impulses using joint space velocity control.

In order to generate impulse-based action paths that obey the robot’s kinematic constraints

and produce feasible object motion, we use a PyBullet [25] simulation environment as the forward

physics model in the planning loop. While simulation may not accurately capture real-world dy-

namics [24], the closed-loop nature of our planning framework compensates for this approach. This

effective use of simulation captures essential characteristics of robot and object dynamics at faster

than realtime speeds and in a safe manner without inducing significant wear-and-tear caused by

dynamic trajectory execution on a real robot.

3.3 Methods

Here, we present an overview of the proposed approach for poking (Section 3.3.1), its char-

acterization in a simulated environment (Section 3.3.2), and our motion planning algorithms, Pok-

eRRT and PokeRRT*, that leverages the simulated environment to plan a collision-free path for

the target object (Section 3.3.3). We also introduce empirically-driven heuristics to PokeRRT that
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leverage the large and quick displacement properties intrinsic to poking manipulation.

3.3.1 Formalization of the Poking Motion Primitive

Poking manipulation is modeled as a process composed of two phases: i) impact, where the

robot end-effector makes instantaneous contact with the object; and ii) free-sliding, where the object

slides on a planar surface and comes to a stop due to Coulomb friction. As detailed in Figure 3.2c,

two parameters are required to describe the first phase of poking: the point of contact pc (i.e., where

on the contour of the object to strike), and the magnitude of the impact velocity ∥v⃗EE∥. Slippage

at the contact point between the end-effector and the object may lead to non-linearities; therefore,

we fix the direction of v⃗EE as being normal to the object’s contour. To apply an instantaneous

force, the robot must come to a complete halt upon contact with the object. Therefore, collision

between the end-effector and the object is treated as an elastic collision. The motor torques applied

to stop the end-effector upon contact prevent the impulsive interaction from being truly elastic;

however, this can be ignored by stopping the end-effector slightly past the contact point.

Given a uniform-density object of mass m with a coefficient of friction µ whose center of

mass starts in an initial planar pose qi = (xi, yi, θi) and the control parameters (see Figure 3.2c)

that determine the contour of the object to strike (pc) and the velocity magnitude (∥v⃗EE∥), we can

solve the second phase of poking and determine the final pose of the object qf = (xf , yf , θf ) using

a physics simulation engine.

3.3.2 Simulation Model for Poking

In order to understand the effects of impulsive forces on objects, we use the PyBullet physics

simulation engine [25]. PyBullet models rigid body dynamics by performing numerical integration

over time with equations of motion to solve for object position and velocity. Joint constraints,

contact forces, and external forces, are taken into account in the forward dynamics solver of the

engine and modeled as constraints in a Linear Complementarity Problem (LCP).

The main point of interest when modeling impulsive interactions is contact force. In the
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Figure 3.2: Path planning for poking consists of 2 steps: action sampling (a, b) and graph expansion
(c, d). (a) Points are sampled uniformly on the object contour (red) and filtered through a conical
region originating from the target position (green). Striking points are generated by extending away
from contour points in the normal direction. (b) End-effector velocity magnitudes are sampled for
each striking point and filtered out if joint velocities are infeasible due to mechanical limitations of
the robot. (c) Feasible actions are applied in simulation to get resultant poses. (d) The resultant
pose closest to the target position is added to the planning graph.
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context of poking, contact is primarily dominated by frictional interactions between i) the robot

end-effector and the object of interest, and ii) the object and the environment (i.e., the object’s

planar support surface and surrounding obstacles). Analytical models for contact make simplifying

assumptions that do not fully represent the complexity of real-world dynamics, including the non-

linear nature of friction and actuator degradation and latency. Additionally, they do not generalize

well to a diverse set of objects. Learning-based approaches, while capable of achieving generaliza-

tion and modeling uncertainty, are data-inefficient. Collecting abundant and task-representative

data in real-world robotics is expensive with regard to the time taken and the wear-and-tear caused

on a real robot through repetitive, and potentially, high-acceleration trajectory executions such as

those characteristic to poking manipulation. Executing such trajectories and modeling collisions

along the action path with the object and the environment is therefore far safer in simulation.

While simulation does not perfectly capture the inherent complexity and stochasticity of

real-world contact dynamics due to the simplistic nature of the underlying analytical models used,

it nonetheless provides a good balance between pure learning and analytical models by ensuring

interaction modeling is both cheap and safe while encapsulating the essential characteristics of

robot–object and object–environment interactions. The closed-loop nature of our proposed motion

planner also compensates for any inaccuracies in simulation modeling while executing poke plans in

the real-world. That is, if a resultant pose violates a predefined object pose threshold, we compute

a new poke plan from the current object pose to the goal region. This crucial feature allows our

planner to plan feasible poke paths in simulation and execute them in the real-world.

3.3.3 Motion Planning for Poking

3.3.3.1 Object Configuration Space

Our planner operates in C, the continuous (x, y, θ) configuration space of the object. x and y

are confined by the limits of the planar workspace, whereas θ is defined in the range [−180◦, 180◦).
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3.3.3.2 Action Sampling

The proposed planner decouples skill modeling and object path planning to allow for the

evaluation of multiple skill models which directly improve planning outcomes. We achieve this

through an action-oriented approach by employing filtering steps to pick a set of valid actions

avalid = ⟨pc,∥v⃗EE∥⟩ to apply at a given object configuration q. A sampling approach that yields

actions which can be simulated in a physics engine is desirable since inverse modeling of frictional

contact and object motion may either be intractable or not guarantee feasible robot motion.

To achieve the correct direction of motion, candidates for object contour points that are

ideal for impact must lie on the side nonadjacent to the target object position. Given an object

configuration q, contour points pcontour are chosen as acceptable candidates if they lie within a

cone originating from a target pose qrand (Figure 3.2a). The target pose is sampled during path

planning as described in Section 3.3.3. For each candidate contour point pc ∈ pcontour, a striking

point ps is computed at a fixed distance, dextend, from pc in the normal direction away from the

object (Figure 3.2c). The robot engages in joint space velocity control to apply a poke in its

operational space by moving from ps to pc at velocity v⃗EE .

Collision-free robot joint configurations, θs and θc, for both ps and pc are computed using

TRAC-IK [10]. Since impactful contact is a core requirement for successful manipulation, we do

not check for collisions between the robot end-effector and the object. A final filter is applied to see

if θ̇c = J−1(θc)v⃗EE , i.e., the joint velocities at θc given the given operational space velocity v⃗EE ,

satisfies the joint velocity thresholds for the robot, ⟨θ̇min, θ̇max⟩ (Figure 3.2b).

The kinematic feasibility check along the entire path from θs to θc is provided by the simula-

tion engine, i.e., the success or failure of executing the sampled action in simulation will determine

whether our planner adds this action to the planning graph. Given this process for generating fea-

sible actions that move the object from its current position towards the target position, we build a

global path planner to generate an action path through object configuration space from the object’s

current pose to task goal region.
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3.3.3.3 Path Planning

In this section, we introduce a novel motion planner named PokeRRT; it generates a graph

of feasible robot actions in the object configuration space. With the aforementioned avalid as a

set of valid control parameters, exploration properties of the rapidly-exploring random tree (RRT)

algorithm [72] are leveraged to generate a planning graph. The integration of poking-specific control

inputs to RRT ensures that all nodes in the planning graph are achievable configurations, while the

RRT algorithm ensures exploration bias to the largest Voronoi regions of the configuration space.

This bias is especially central to poking manipulation due to its inherent ability to cover large

distances in the operational space.

A new node qrand is set as the goal node with probability pbias, otherwise qrand is randomly

sampled in the object configuration space. Actions from avalid are applied from the nearest graph

node qnear towards qrand (Figure 3.2c) and the resultant node qnew that minimizes the distance

to qrand is added to the graph (Figure 3.2d; GET BEST RESULT() in Algorithm 1). Resultant

poses are added to the planning tree until the task goal region Qgoal is reached, at which point

the path from qstart to Qgoal in the planning tree is extracted by backtracking (Algorithm 1, Line

13). PokeRRT does not find the absolute least-cost path since RRT is not asymptotically optimal

by nature [54]. The current implementation operates in a closed-loop paradigm—we replan on the

fly if the resultant pose after a poking action is outside a specified threshold to compensate for

inaccuracies of the simulation poking model and collisions between the object and environmental

obstacles. The replanning threshold for an object is decided based on a collection of pokes executed

in simulation and the real-world, i.e. the average object resultant pose error caused by the sim2real

gap serves as an empirical estimate of the threshold. Therefore, this measure encompasses any

uncertainty resulting from sensor, actuation, and skill model noise. The replanning strategy is

particularly important for poking since frictional interactions between the object and the support

surface are stochastic in nature and motor slippage and nonlinearities in joint modeling in the

real-world can induce noise in robot–object interaction. Additionally, unlike pushing and grasping,
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poking lacks full controllability which induces further uncertainty on the final object pose. Using

this planner, poking can be used both as a skill and as a failure recovery tactic and can be shown

to operate faster and in a more diverse set of scenarios than pushing or grasping. Since poking

is inherently capable of covering larger distances in short periods of time due to high impact

interactions, we can leverage this insight and add extensions to PokeRRT to plan sparse paths in

object configuration space.

Algorithm 1: PokeRRT*
Input: Start Node qstart, Goal Region Qgoal, Neighborhood Radius r, Object Configuration Space C, Poke

Dataset D
Output: Poke Path P

1 G.add vertex(qstart);
2 while not GOAL REACHED(G,Qgoal) do
3 qrand = RAND(C); qnear = NEAREST(qrand,G);
4 q′new = qnear+ SAMPLE DISP(D, qrand);
5 qmin = argmin

N POKES
RADIAL NN(q′new,G, r);

6 qnew = GET BEST RESULT(qmin, q
′
new,G);

7 G.add vertex(qnew); G.add edge(qmin, qnew);
8 foreach q ∈ RADIAL NN(qnew,G, r) do
9 if N POKES(qnew) +1 < N POKES(q) and IS LEAF NODE(q) then

10 G.remove edge(PARENT(q), q);
11 qresult = GET BEST RESULT(qnew, q,G);
12 G.add edge(qnew, qresult);

13 P = BACKTRACK(G, qstart, Qgoal);
14 return P

3.3.3.4 Online Path Smoothing

To minimize the number of pokes and enable poke planning to cover large distances, we

combine empirically-derived heuristics with insights from RRT* [54] to develop PokeRRT* (Algo-

rithm 1). RRT* allows for the discovery of new lower-cost paths until the goal region is reached

by introducing two additional steps to RRT—choose-parent and rewiring. In the context of Pok-

eRRT*, choosing the best parent node qmin replaces the edge from qnear to qnew with the edge

from qmin to qnew. Planning time for PokeRRT* can be reduced by using a data-driven heuristic

to generate q′new—instead of applying actions from avalid to get q′new, we sample ∆q from a range

of displacements from a dataset of random pokes D. q′new is then computed as qnear + ∆q in the
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Scenario Description Poke Push Grasp

S1 No Obstacles ✓ ✓ ✓
S2 2 Obstacles ✓ ✓ ✓
S3 4 Obstacles ✓ ✓ ✓
S4 Wide Object ✓ ✓
S5 Tunnel ✓ ✓
S6 Shared Workspace ✓

S1 S2 S3

S4 S5 S6

Figure 3.3: The robot successfully pokes the object (blue) from its reachable workspace (orange) to
the goal region (green) in all scenarios while avoiding obstacles (red). PokeRRT, PokeRRT*, and
baseline algorithms are evaluated in 6 scenarios—no obstacles (S1), 2 obstacles (S2), 4 obstacles
(S3), wide object (S4), tunnel (S5), and non-overlapping shared workspace (S6). The robot is
unable to i) push or pick-and-place in S6 due to limited robot reach, ii) push in S5 due to workspace
obstruction in the action path, and iii) pick-and-place in S4 due to object being wider than gripper
width.
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direction of qrand (Algorithm 1, Line 4).

Then qmin is chosen as the neighbor within radius r of q′new that minimizes the number of

pokes from qstart to q′new (Algorithm 1, Line 5). Radius r is selected empirically as the average

displacement of the object in the dataset P. The best action from qmin to q′new is recomputed by

sampling actions from avalid to make sure each edge in the graph is a valid action. Resultant pose

qnew is chosen as one that minimizes the distance to q′new. qnew and the edge from qmin to qnew

are added to the graph. In the rewiring step, the neighborhood of qnew is rewired to minimize the

number of pokes along the path from qstart through qnew to a neighboring leaf node (Algorithm 1,

Lines 8–12). Note that PokeRRT* does not use the extension to RRT* that exploits the anytime

nature of RRT* to continuously improve path quality by allocating planning time [55]—choose-

parent and rewiring are the primary modes for online path sparsification. As a result, PokeRRT*

leads to fewer pokes in the planned path than PokeRRT, thereby taking advantage of poking’s core

competency of allowing larger displacements.

3.4 Evaluation

In this section, we qualitatively and quantitatively evaluate PokeRRT and PokeRRT* in

simulation and the real-world under various environment setups. We measure success rates, task

times (in seconds), and number of executed actions in the final planned path for both motion

planners. Success rates are averaged across all scenarios for a given planner, whereas task times

and number of executed actions are presented separately for each scenario. Task time is defined

as the sum of planning, execution, and replanning times. Object start pose is kept fixed across

various trials to aid reproducibility of results. Simulation and real-world results are averaged over

250 and 10 trials, respectively. Collectively, our results demonstrate that PokeRRT and PokeRRT*

indeed enable fast and successful manipulation of objects in conditions where push planning and

pick-and-place fail.
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Task Time [seconds] Success Rate

Planner S1 S2 S3 S4 S5 S6 S1 - S6

PokeRRT* 46.43 (21.67) 212.74 (100.01) 232.42 (118.63) 70.47 (38.82) 132.62 (98.27) 130.01 (84.05) 0.87 (0.31)

PokeRRT 49.69 (21.11) 196.54 (124.61) 167.55 (138.63) 64.14 (52.45) 116.35 (89.72) 171.77 (103.21) 0.88 (0.31)

LI-PokeRRT* 169.87 (71.28) 378.90 (122.21) 346.70 (111.71) 165.91 (44.87) N/A N/A 0.53 (0.28)

LI-PokeRRT 123.71 (36.72) 328.66 (107.18) 322.28 (138.05) 135.80 (32.91) N/A N/A 0.63 (0.18)

Push Planner 122.68 (47.07) 284.78 (104.40) 249.32 (68.30) 117.58 (67.05) N/A N/A 0.44 (0.26)

Pick-and-Place 16.29 (3.76) 17.71 (3.81) 16.14 (3.25) N/A 19.15 (4.99) N/A 0.67 (0.00)

Table 3.1: Task times [mean (stddev)] for various planning algorithms in simulation are presented.
Success rates are aggregated across all 6 scenarios. Overall, poke planning is faster than push
planning and leads to higher success rate than pushing or grasping. Low-impulse (LI) poke planners
and the push planner are unsuccessful in S5 and S6 due to action path collisions (S5) or goal region
being outside the robot’s reachable workspace (S6). The robot is unable to pick or place object in
S4 and S6 due to limitations in robot mechanics.

3.4.1 Experimental Setup

3.4.1.1 Scenarios

We test multiple algorithms for poking, pushing, and grasping manipulation in six scenarios

(Figure 3.3). Our motivating application is the concurrent operation of two robots with potentially

non-overlapping reachable regions located in adjacent workcells on a factory floor. Therefore, the

objects being manipulated must be accessible by both robots to enable successful collaboration.

Given this motivation, scenarios are designed to test the flexibility of the planner in generating plans

for manipulating the object in a planar workspace from a fixed start pose to a goal region, which

represents the workspace of a second robot. To ensure that object–obstacle collisions are handled

through the replanning strategy, we enforce two properties in our scenarios: i) the objects used in

each scenario are rigid and therefore retain their shape across multiple trials and ii) obstacles are

fixed to the table so that collisions do not change the planning configuration space.

Scenarios 1–3 (S1–S3 in Figure 3.3) are designed to test baseline manipulation capability

through uncluttered (S1) and cluttered (S2, S3) environments. S2 and S3 contain 2 and 4 obstacles,

respectively, at fixed poses in the shared robot workspace. The object being manipulated has size

[9, 14, 5] cm and mass m = 87 g. Poke planning, push planning, and pick-and-place will all work in

these scenarios since the goal region overlaps with the first robot’s reachable workspace. Scenario

4 (S4 in Figure 3.3) contains a bigger cuboid object of size [11, 18, 11] cm and mass m = 112 g in
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an obstacle-free workspace. Poke planning and push planning will work in this scenario, however

pick-and-place will not since gripper width (10 cm) is smaller than the minimum dimension of the

cuboid. This scenario represents situations where object properties are incompatible with robot

kinematics, i.e., if the object of interest is too heavy or too wide to be grasped or if the end-effector

is malfunctional, and the robot needs to formulate an alternate manipulation plan.

Scenario 5 (S5 in Figure 3.3) presents two work cells with a tunnel in the center of the table.

The first robot cannot push the object to the second robot because the end-effector will collide with

the divider along its action path. However, poke planning will succeed due to the short duration of

robot–object contact. The first robot is able to grasp the object over the divider in our setup but

for larger dividers such as a screen, pick-and-place will fail. Scenario 6 (S6 in Figure 3.3) contains

an obstacle-free workspace with non-overlapping reachable regions for each robot. The first robot is

able to poke the target object to the second robot’s reachable workspace, but cannot push or pick-

and-place due to limited reachability. Since pushing operates under the quasistatic assumption,

it requires constant contact between the robot end-effector and the object being manipulated and

therefore, manipulation is limited by robot kinematics and reachability. This scenario represents

cases where task success is limited by the robot’s kinematic characteristics, i.e., if the goal pose is

outside the robot’s reachable workspace.

3.4.1.2 Parameters

The action vector avalid = ⟨pc,∥v⃗EE∥⟩ for our proposed motion planners is generated at

runtime. Contour points pc close to object corners are ignored for clean pokes. The velocity

magnitudes ∥v⃗EE∥ are sampled in the [0.3, 1.0] m/s range to increase likelihood of robot joints

achieving the commanded operational space velocities. Goal region is defined as the workspace of

the second robot, determined as the frequency of inverse kinematics poses achievable on discretized

xy-locations on the planar support surface of the object. The empirically-determined replanning

threshold is 5cm and 10◦.
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3.4.1.3 Algorithms

PokeRRT and PokeRRT* are compared against several baseline approaches. To evaluate

pushing, we use the Two-Level Push Planner presented in [161] since it also uses simulation in

the planning loop to get the next feasible environment state. This work integrates simulation-

based forward modeling with sampling-based motion planning to explore the space of feasible

pushing actions required to get an object from start to goal. Our baseline approaches, Low-

Impulse (LI) PokeRRT and Low-Impulse (LI) PokeRRT*, are designed to show that poking is a

more fundamental manipulation skill and encompasses pushing if the applied impulse magnitudes

are kept small. They operate similarly to PokeRRT and PokeRRT* but with ∥v⃗EE∥ = 0.2 m/s

to simulate pushing. Any replanning for a given planner is done using that same planner. Lastly,

Pick-and-Place is performed in an open-loop manner with predefined grasps for known objects. An

experimental trial fails if the planner does not find a valid plan to the goal region in 240 seconds

or if the object falls off the table during execution.

3.4.2 Simulation Experiments

Table 3.1 shows the task times and success rates for Pick-and-Place and five non-prehensile

manipulation planners—PokeRRT*, Low-Impulse PokeRRT*, PokeRRT, Low-Impulse PokeRRT,

and Two-Level Push Planner. Results are averaged over 250 trials. PokeRRT and PokeRRT*

successful in all scenarios while Two-Level Push Planner fails in S5 and S6 and grasping fails in S4

and S6. Two-Level Push Planner has a low overall success rate (44%), as expected based on the

reasons presented in Section 3.4.1.1.

PokeRRT and PokeRRT* task times are lower than Two-Level Push Planner task times

across all scenarios. Standard deviations are high due to the sampling-based nature of our planners.

The task time for S4 is greater than for S1 since the object used in S4 is not only bigger in size but

also larger in mass than the object used in S1, therefore poke displacements are lower given the

same contact force. Pick-and-Place has the lowest task time because it does not involve planning in
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Number of Actions in Execution Path

Planner S1 S2 S3 S4 S5 S6

PokeRRT*
3.93
(0.98)

4.62
(1.04)

4.49
(1.02)

4.76
(1.20)

3.71
(1.02)

3.65
(1.08)

PokeRRT
6.10

(1.96)
8.21

(2.95)
7.94

(2.08)
6.77

(2.35)
4.56

(1.27)
8.17

(2.46)

LI-PokeRRT*
16.43
(2.28)

22.27
(2.26)

19.00
(1.54)

18.54
(1.44)

N/A N/A

LI-PokeRRT
19.08
(1.51)

19.62
(1.64)

20.74
(2.13)

19.38
(1.59)

N/A N/A

Push Planner
8.72

(1.42)
8.61

(1.71)
7.68

(1.19)
8.53

(1.51)
N/A N/A

Pick-and-Place
1.00

(0.00)
1.00

(0.00)
1.00

(0.00)
N/A

1.00
(0.00)

N/A

Table 3.2: Number of executed actions in the planned path for various algorithms in simulation
are presented here. Both PokeRRT* and Low-Impulse PokeRRT* lead to fewer actions than
their RRT-based counterparts, thus exploiting the large displacement property inherent to poking
manipulation.
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the object configuration space—the robot moves to object pose, grasps, and moves to goal pose, so

only a single action is executed. Low-impulse poke planners have large search trees due to shorter

displacements of the object. This results in longer planning times and also lower success rates.

Task times are higher for obstacle scenarios because the robot end-effector is more likely to run

into obstacles and collision checking is a computationally expensive procedure.

Pick-and-Place succeeds in simulation for S1, S2, S3, and S5 because there is no uncertainty

in object pose so manipulation consists of moving to a predefined grasp configuration and moving to

the goal pose. We intentionally set up the start and goal configurations for Pick-and-Place to create

an upper bound for comparison with our planners. For the reasons presented in Section 3.4.1.1,

it fails in S4 and S6. Low-impulse poke planners have higher success rates than the push planner

because the shorter robot control trajectories corresponding to poking result in fewer obstacle

collisions. Low-impulse poke planners fail in S5 and S6 because the pokes are not strong enough

to pass the workspace divider or cross into the second robot’s reachable workspace.

Table 3.2 presents the number of executed actions in the final planned path for multiple

planning algorithms across several scenarios. It indicates that the number of executed actions

is lower for PokeRRT and PokeRRT* compared to Two-Level Push Planner, showing that poke

planners can displace the object further with fewer actions in less time. Notably, the number of

actions is lowest for PokeRRT*, thereby supporting our claim that minimizing the number of poking

actions exploits the large displacement property of poking manipulation. However, the task time

is similar to that of PokeRRT since PokeRRT* introduces the choose parent and rewiring steps to

PokeRRT, which increases the number of actions sampled while planning. In general, PokeRRT is

preferable in scenarios with obstacles—even though the number of pokes for PokeRRT* is lower (i.e.,

faster overall execution), a greater percentage of time is spent on resampling actions in PokeRRT*,

most of which lead to object–obstacle collisions. Task times for low-impulse poke planners are

comparable to Two-Level Push Planner, supporting our claim that pushing is a limiting case of

poking where applied impulses are low in magnitude.
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Planner PokeRRT* PokeRRT Two-Level Push Planner Pick-and-Place

Task Time [seconds]
S4 69.58 (26.15) 83.55 (29.59) 120.21 (47.09) N/A
S5 127.45 (57.80) 148.55 (86.23) N/A 20.31 (3.21)
S6 182.03 (122.77) 157.03 (94.41) N/A N/A

Number of Actions
S4 5.27 (2.00) 6.20 (1.60) 6.00 (1.26) N/A
S5 5.12 (1.05) 6.67 (1.56) N/A 1.00 (0.00)
S6 6.11 (1.91) 6.88 (2.15) N/A N/A

Number of Replans
S4 3.45 (1.67) 4.2 (1.6) 2.80 (1.54) N/A
S5 3.38 (1.32) 4.11 (1.37) N/A N/A
S6 4.22 (1.81) 4.38 (1.49) N/A N/A

Success Rate S4 - S6 0.9 (0.3) 0.9 (0.3) 0.33 (0.47) 0.27 (0.44)

Table 3.3: Real-world task times, number of actions in executed path, and success rates are pre-
sented in this table. Results are averaged across 10 trials. Pushing has the highest success rate and
fastest task times. PokeRRT* generates plans with the fewest number of actions.

3.4.3 Real-World Experiments

We evaluate PokeRRT*, PokeRRT, Two-Level Push Planner, and Pick-and-Place for a subset

of the scenarios in the real-world (Table 3.3). The task times and the number of actions executed

in the real world are slightly higher than in simulation. This is expected because the plan is

generated in simulation and simulation does not fully capture the complexities of the real-world

environment. Therefore, replanning is required for real-world plan execution which leads to an

increase in task times. As shown in Figure 3.5, execution times for poke planners are lower than

for the push planner indicating that poke planning leads to faster object manipulation than push

planning. Additionally, the replanning time for push planning is higher than for poke planning

since simulating push actions to generate the planning graph takes more computational cycles

than simulating instantaneous contact for poke actions. However, the number of replans for push

planning is lower than for poke planning thereby pointing to the inherently uncontrollable nature

of poking, which may not be desirable in certain situations (Table 3.3). Collectively, real-world

results align with the results from simulation.

Figure 3.4 depicts a failure recovery case for S6 where failure to grasp or push to the second

robot’s reachable workspace does not result in task failure—the first robot pokes the object to

the second robot’s reachable workspace, allowing the second robot to successfully manipulate the

object. Additionally, while grasping is a faster form of manipulation with fewer actions than
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(a) (b) (c)

(f)(e)(d)

Figure 3.4: Two robots with non-overlapping reachable regions are shown (S6). Robot A (left)
applies 2 pokes to manipulate the object to Robot B’s (right) workspace (a-d). Robot B then
grasps the object and places it in a bin that is not reachable by Robot A (e-f).
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poking or pushing, it has a lower overall success rate (27%) than pushing (33%) due to perception

inaccuracies. This discrepancy between simulation and real-world results points to a fundamental

difference between grasping and poking or pushing—sensing uncertainty leads to total failure in

grasping, whereas for poking it leads to just partial failure as our presented planners operate in a

closed-loop manner.

3.5 Conclusion and Discussion

In this work, we demonstrate poking manipulation as a fundamental motion primitive that

complements grasping and encompasses pushing in terms of capability. Our work is the first to show

qualitative and quantitative results for multiple test conditions to demonstrate the flexibility and

robustness of poking as a skill through PokeRRT. We present the task times, number of executed

actions, and success rates of our proposed motion planners and four baseline algorithms across six

different scenarios. The results demonstrate the strengths of the poking motion primitive: poking

is not as limited by robot reachability, robot end-effector design, object properties, and inaccuracies

due to perception as grasping or pushing. Success rates are higher for poking-based planners than

for the push planner indicating that poking expands the size of reachable workspace by its ability

to execute longer object displacements using shorter robot end-effector trajectories. Task times for

computed plans are significantly lower for poking than for pushing, indicating that poking allows

fast object manipulation because it does not face the same constant-contact restriction as pushing.

PokeRRT and PokeRRT* also demonstrated the qualitative behaviors visualized in Figure 3.3.

Errors in dynamic modeling caused by the gap between simulation and the real-world are

covered by the replanning strategy in our work. However, future work in identifying sources of

uncertainty will allow for the quantification of object–obstacle collision margins and incorporating

them directly into the planning process will lower the chances of collision in the real-world. In order

to make plan execution in the real-world more robust, our future work will also formalize analytical

and learned models for poking and quantify object constraints which will lead to additional insights

about the capabilities and limitations of poking. For instance, poking may not be an effective mode
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Figure 3.5: A breakdown of task time as the sum of initial planning, replanning, and execution
times is presented for various planners in the real-world. A single bar indicates total task time.
Long red bars indicate cases where tasks cannot be solved. Overall, poke planning demonstrates
lower execution and replanning times than push planning.



33

of manipulation for high friction interactions and should also be used sparingly since it may cause

significant wear-and-tear on a real robot through repeated execution of high-speed trajectories.

Consequently, by discovering the feasibility conditions of multiple skills (e.g. poking, pushing, and

grasping) through interaction and planning around the key strengths of each motion primitive,

robots will be able to more efficiently manipulate objects.

3.6 Case Study: Liquid Container Manipulation with Obstacle Avoidance

This case study applies the online-evaluation paradigm of this chapter to a setting where the

grasped object imposes dynamic limits on feasible trajectories; this section summarizes the problem

structure, method, and key results.

3.6.1 Task-Biased Geometric Planning

Among the different categories of objects robots encounter, liquids present a unique challenge

due to their complex behavior. Despite the importance of robotic fluid manipulation in applica-

tions ranging from handling hazardous materials in laboratories to facilitating assistive feeding

technologies designed for differently-abled individuals, research in robotic fluid manipulation re-

mains under-explored and challenging. Fluid manipulation is challenging due to the intricate and

nonlinear nature of fluid dynamics. Accurately modeling fluid dynamics is heavily task-dependent

and requires substantial computational resources, hindering real-time control [71, 32]. Existing

approaches tackle these challenges by simplifying the complex fluid dynamics into more compu-

tationally efficient linearized pendulum or mass-spring-damper models. However, these methods

struggle in cluttered scenes: they restrict the robot’s motions to pendulum-like or mass-spring-

damper-like behavior [35, 92, 94, 26, 27, 120], impose restrictions on the container’s orientation by

setting fixed or limited Euler angle ranges throughout the trajectory [94, 27], and rely on constant

monitoring of the liquid surface to execute trajectories, which can be obstructed by opaque fumes

produced by the liquid or by obstacles present in cluttered scenes [84, 120, 91]. Consequently, the

action space is over-constrained, and the robot can only perform limited motions, inhibiting its
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ability to maneuver around obstacles in cluttered environments.

To address these limitations, we propose Spill-Free RRT* (SFRRT* ), for spill-free ma-

nipulation of open-top liquid-filled containers in cluttered environments. SFRRT* first uses the

container shape to inform the generation of a spill-free path via RRT*: by considering the con-

tainer geometry, the algorithm calculates the maximum tilt angle θmax beyond which the container

will spill and constrains the path search accordingly. An informed sampler samples robot configura-

tions where the container orientation is less than the spill threshold θmax, and is incorporated into

an RRT* path planner to generate spill-free paths. RRT* is chosen due to its asymptotic optimality

properties; by preferring transitions with minimal cost, it generates smooth motion profiles that

maintain orientation stability [54].

3.6.2 Analytical Static Models for Fill Level

A challenge in spill-free trajectory generation is that the volume of the robot configuration

space containing spill-free trajectories is small and therefore inefficient to explore with random sam-

pling alone [62]. This dictates the need for an informed approach to explore dynamically-valid robot

states. However, developing a model for combined robot and object dynamics is computationally

expensive, task-specific, and impractical for real-world control. To address this, we mathematically

formalize how container properties inform the construction of the spill-free space.

We model containers as frustums of cones, which accurately represents most common con-

tainer shapes and provides an upper bound on the maximum tilt angle of containers with other

shapes, such as round bottom flasks or wine glasses. Under quasi-static conditions, we consider

tilting a container to the angle θmax such that any θt ≤ θmax is spill-free. Given the container’s

bottom radius rb, top radius ru, container height hc, and water height hw, two spillage cases arise:

one where the tilted liquid forms a trapezoid and a triangle, and another where it forms only a

triangle. We leverage the key insight that the total amount of liquid remains constant before and

after tilting, yielding closed-form expressions for θmax:
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θmax = tan−1

[
hc(ru − rw′)

(ru − rb)(ru + rw′)

]
(Case I) (3.1)

where rw′ = hcrurb−hcr2rb+hwr2rw+hwr2rb
hcr2+hcrb

, and

θmax = tan−1

[
hc

ru − rb + 2hw(rw+rb)
hc

]
(Case II) (3.2)

where rw = ru −
[
ru−rb
hc

(hc − hw)
]
.

3.6.3 Learned Dynamics Model for Trajectory Verification

While RRT* generates spill-free paths, to ensure the generation of a spill-free trajectory, we

must carefully parameterize the path such that the velocity, acceleration, and jerk do not cause

spillage. To capture this relationship, we employ a transformer-based machine learning model

trained to classify whether a container’s trajectory is spill-free—the Spill-Free Classifier (SFC).

The input to SFC is the container trajectory (position and orientation over time) and con-

tainer properties (top and bottom radius, container height, and liquid fill level). The SFC model

employs the transformer architecture because its input is sequence data and transformers have

become the leading architecture for handling sequential data due to their efficient parallel train-

ing capabilities and long context window [145]. To train the SFC model, we utilized a motion

capture system to collect container trajectories performed by individuals across different container

types and liquid volumes. We collected a total of 700 trajectories, including 655 human-performed

trajectories and 45 trajectories from the Panda robot; the SFC achieves 94% validation accuracy.

3.6.4 Where Analytical and Learned Components Meet

Having modeled the relationship between container trajectory and spillage risk, we leverage

SFC to generate spill-free trajectories via the Spill-Free Time Parameterization (SFTP) algorithm.

The key idea is to find the maximum jerk that does not cause spillage: SFTP iteratively reduces

the maximum jerk of the trajectory and queries SFC after each iteration until SFC predicts the
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Figure 3.6: Maximum tilt angles executed across all 30 evaluation trials by SFRRT* (solid lines,
within the shaded allowable range per container) compared to the SpillNot baseline [94] (fixed 15◦

limit). In every experiment, SFRRT* utilizes a larger tilt range than SpillNot.

resulting trajectory is spill-free. Jerk constraints are especially critical in preventing sudden changes

in acceleration that could cause spillage.

We evaluate SFRRT* on the 7-DoF Franka Emika Panda across two scenarios (transporting a

drink while avoiding table obstacles; transporting a chemistry vessel into a fume hood). Overall, we

achieved a 100% success rate for all experiments except experiment 5, where spill-free trajectories

were accomplished in four out of five trials. As shown in Figure 3.6, in every experiment SFRRT*

utilizes a larger tilt range than SpillNot [94]; SpillNot’s tilt angles are always limited to a maximum

of 15◦ to maintain low linearization error. SFRRT* achieves a maximum tilt angle of 45◦ when

transporting the basic container with a 30% fill level, surpassing SpillNot’s 15◦—a 3× increase in

orientation range. For the flute glass with a 70% fill level the maximum tilt angle is 72◦, a 4.8×

increase. Furthermore, SFRRT* can generate trajectories where all three axes of orientation are

utilized, with ranges for roll, pitch, and yaw of [−49, 41], [−30, 30], and [−16, 9] degrees respectively.

In contrast, the SpillNot method imposes a fixed yaw angle throughout the trajectory [94].

However, the formulations in this chapter remain single-query: sampled controls are evaluated

online, accepted nodes are tied to the current object and workspace, and the planners do not retain

a reusable representation of the feasibility computations they perform. Chapter 4 then asks whether

the repeated cost of dynamic feasibility can instead be amortized.



Chapter 4

Reusable Constraint Structure for Dynamic Feasibility

The planners of Chapter 3 evaluate dynamic feasibility online, rebuilding their search struc-

ture from scratch for every new start and goal and paying the full cost of simulation and collision

checking on each query. This chapter introduces the first amortized representation in this thesis:

the dynamic feasibility of a robot’s motions is precomputed once into a reusable bundle of edges and

shared across many related planning queries. By deferring—and largely reusing—propagation and

collision checking through lazy evaluation, this shifts constraint knowledge upstream of any single

query, reducing per-query planning time while preserving the kinodynamic feasibility guarantees

that an online planner provides. A case study at the end of the chapter carries this precomputation

principle into the task space, constructing reusable motion structure for whole-body manipulation

under locked multi-joint failures.

4.1 Introduction: Multi-Query Planning with Edge Bundles

Robotic manipulation in complex operational environments necessitates the integration of

constraints at various levels of abstraction (i.e., kinematics, statics, quasi-statics, and dynamics)

in order to effectively govern the interaction between the robot and its surrounding environment

[122, 89]. Importantly, dynamics extends the foundational principles of kinematics, statics, and

quasi-statics by incorporating the analysis of forces and torques in robot and object motion in real-

world tasks such as liquid transport [43], deformable object manipulation [124], and nonprehensile

maneuvers [108, 50] (Figure 4.1).



38

The complexities (and opportunities) introduced by dynamic-based analysis of motion plan-

ning set the stage for kinodynamic planning, a class of methods that incorporate these dynamic

constraints into planning, consequently extending classical kinematic or geometric planning meth-

ods beyond the robot’s state space to its control space [126, 74]. Within this scope, kinodynamic

planning frameworks can be broadly classified into two paradigms: sequential and interleaved. Se-

quential approaches engage first in geometric path planning and then in time parameterization, a

sequence that may result in dynamically-infeasible trajectories and long planning times [113, 67].

In contrast, interleaved methods present a more integrated solution by enabling simultaneous ex-

ploration of state and control spaces, thereby ensuring dynamically-valid trajectories, if they exist

[80, 79]. It is worth noting that a majority of methods in the interleaved domain are single-query

methods. In a single-query context, each new planning problem necessitates the reconstruction

of the planning tree, thereby limiting computational efficiency. This issue becomes of particular

importance in kinodynamic planning due to the higher dimensional space involved. To this end,

our work introduces a multi-query approach in the interleaved planning domain, aimed at reduc-

ing computation times across multiple planning queries. This contribution obviates the need to

re-explore the state and control spaces and their corresponding search trees for each new task,

offering a more efficient solution.

More specifically, our planner is conceptually aligned with the bundle of edges (BoE) frame-

work, which adapts the probabilistic roadmap method from a kinematic setting to the kinody-

namic domain [56]. The BoE planner employs a forward search through disconnected, randomized

rollouts of a dynamics model [130]. This process is computationally demanding due to a large

branching factor and is contingent upon both accurate simulation models and reliable collision

checkers—assumptions that may not hold in complex, real-world conditions. Crucially, it is these

very processes—forward propagation and collision checking—that contribute significantly to the

computational burden of the planner. This underscores the need for ‘lazy ’ strategies that post-

pone these operations until absolutely required, thus achieving a trade-off between efficiency and

accuracy. Toward this goal, in this work we introduce the concepts of lazy forward propagation
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Payload Transport Problem General Waiter Motion Problem

Nonprehensile Manipulation

Figure 4.1: Several applications motivate the need for considering dynamic constraints in motion
planning. The payload transport problem requires the robot to account for the added mass at
its end-effector and its effects on the inertia, Coriolis, and gravity matrices in the robot dynamics
model [125]. Similarly, liquid transport in the General Waiter Motion Problem imposes acceleration
constraints on the end-effector to ensure spill-free trajectories [43]. Nonprehensile actions like
poking can be used to singulate target objects and require an understanding of combined robot
and object dynamics [108]. In this paper, we present a method for planning robot paths while
considering its dynamic constraints.



40

and lazy collision checking in the context of kinodynamic motion planning for BoE, which we refer

to as LazyBoE. By applying rollouts from the edge bundle to the planning tree directly without

resimulating them, these techniques not only significantly reduce planning time but also enable the

application of this approach to higher-dimensional systems commonly encountered in real-world

applications without compromising the asymptotic optimality guarantees previously established in

[130].

In this work, we delineate three key contributions: i) a novel method for the efficient genera-

tion of state and control space rollouts from the forward dynamics model of a robot using varying

control sequences instead of traditional piecewise-constant controls, aimed at reducing planning

times across multiple queries; ii) the introduction of ‘lazy’ forward propagation and ‘lazy’ collision

checking strategies that employ bounded end-state perturbations and prioritize forward simula-

tions by their likelihood of collision, thereby mitigating the computational load associated with

physics-based simulations; iii) the LazyBoE kinodynamic motion planner, a robust framework that

capitalizes on the aforementioned strategies to rapidly and reliably compute dynamically valid tra-

jectories for complex tasks. We validate our approach on a 7DoF robot arm, and demonstrate how

it enables a broad class of real-world tasks.

4.2 Background and Related Work

Kinodynamic planning involves navigating the complex interplay between the robot’s state

space—comprising position, velocity, and higher-order derivatives—and its control space, defined by

the set of feasible actions for a given task. The existing literature mainly bifurcates this analysis into

two approaches: sequential and interleaved. Sequential methods, such as TrajOpt [127], CHOMP

[119], STOMP [52], KOMO [141], and ITOMP [105], construct a geometric path in the robot’s state

space first and then assign valid controls to each waypoint. While these methods are advantageous

for their minimal design complexity and capability to handle non-linear constraints, they have a

number of limitations. They are highly susceptible to the quality of the initial seed trajectories,

often confining trajectories to a narrow set of homotopic classes [127, 44]. Moreover, they generally
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lack theoretical guarantees regarding the completeness or optimality of solutions [67]. Within this

line of work, there exist hybrid methods that attempt to reconcile these limitations by incorporating

sampling-based planning, which in turn brings about theoretical properties such as probabilistic

completeness and asymptotic optimality [67] and permits the discovery of multiple solution classes

[53]. Time parameterization techniques can also be applied in place of optimization to assign

timesteps to each waypoint in the geometric path [113, 11, 83].

In contrast to sequential approaches, interleaved methods cast motion planning as a search

problem, alternating between state space sampling and control propagation to find a valid trajec-

tory. These methods often employ steering functions, or inverse models, to delineate a set of controls

connecting two arbitrary points in the state space. For instance, DIMT-RRT utilizes a quadratic

steering function to account for joint acceleration limits and non-zero initial and goal velocities [68].

AVP computes the range of reachable velocities at the end of a path, given reachable velocities at

the start of it [114, 51]. LQR-RRT* uses a quadratic cost function and linearized dynamics in

conjunction with a linear-quadratic regulator (LQR) to connect consecutive states in an RRT* tree

[110, 20]. The optimization techniques discussed in sequential methods can also be used as steering

functions in interleaved approaches. In all, these techniques enable precise goal state attainment,

allow to perform backward searches, and facilitate exact tree connections in bidirectional searches,

thus expediting the planning process [73]. However, they come with a set of challenges. Steering

functions may not exist or could be difficult to design for a given dynamical system. Furthermore,

exact state connections may not be reliable in real-world settings due to uncertainties and the use

of optimization as steering may cause planning to get stuck in local minima [80].

The second variety of interleaved methods involves navigating the state and control spaces

using forward control propagation. Using a random state and action, these methods determine

the resultant state, constructing a tree of dynamically feasible edges [108]. SyCLoP and KPIECE

leverage state space discretizations and guide exploration in low-coverage areas [116, 137]. SST

optimizes path quality via pruning and heuristic biasing [79]. GBRRT and GABRRT combine

multiple propagation methods and backward tree costs as heuristic values for bidirectional kinody-
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namic search [99]. Other techniques involve pre-mapping the space of valid motions and conducting

a search over this state and control space discretization [130, 16]. Existing approaches that exploit

lazy strategies for collision checking involve learning-based methods [152] and evaluating paths on

an as-needed basis [15, 86, 36]. We take an empirical approach by computing a collision probability

for each kinodynamic action in our state and control space discretization.

Overall, interleaved approaches are easy to design since they leverage general-purpose physics

simulations, explore both state and control spaces uniformly, and easily adapt to environmental

interactions and multi-object systems. However, they may face slow convergence owing to costly

simulation and collision checking methods. Next, we outline how our contribution mitigates these

issues, paving the way for fast computation of asymptotically optimal solutions.

4.3 Methods

Here, we present LazyBoE, our multi-query kinodynamic motion planner. The planner relies

on two key contributions: 1) a method for generating a bundle of edges in order to provide a discrete

approximation to the robot’s state and control spaces (Section 4.3.2), and 2) a quantification of

lazy propagation and collision probabilities to reduce planning time (Section 4.3.3). These pieces

enable us to design and implement a planner that defers computation in the form of simulation

and collision-checking until there is a viable path that minimizes a heuristic value (Section 4.3.4).

4.3.1 Problem Setup

We formalize the problem of kinodynamic motion planning using edge bundles similarly to

[130]. The robot state space Q ⊂ Rm is defined where q ∈ Q represents the joint angles of an

m-dimensional robot. The control space U ⊂ Rm contains elements q̇ ∈ U that represent joint

velocities. An edge bundle is a set of disconnected edges generated by applying randomly sampled

control parameters to random robot states for random time durations, thereby connecting random

start states to resultant end states:

E = {(q0, q̇,∆t, qf ) | q0, qf ∈ Q, q̇ ∈ U}
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such that f(q0, q̇) = qf , where f(·) defines the forward dynamics model of the robot and q̇ =

(q̇0, · · · , q̇f−1) represents a sequence of joint velocities. The i-th edge is denoted as ei and defined as

the tuple (qi0, q̇
i,∆ti, qif ). The objective of LazyBoE is to find a continuous, collision-free trajectory

π(t) : [0, 1] → Qfree ⊆ Q, π(0) = q0, π(1) = qf

through the state and control space discretization enabled by E , while respecting the dynamics

constraints D of the robot.

4.3.2 Edge Bundle Construction with the Robot Dynamics Model

The backbone of our planner lies in constructing a discrete approximation of the robot’s state

and control spaces, as a result capturing the nuances of real-world dynamics including nonlinearities

like joint friction. Defined as a bundle of edges E , this approximation is a collection of valid,

disconnected, and randomly generated forward rollouts of the robot dynamics model over a variable

duration ∆t. In order to enable uniform and rapid exploration of the control space, we propagate

a sequence of randomly-sampled joint velocity actions, q̇ = (q̇0, · · · , q̇f ) ∈ U , from a randomly

sampled state, q ∈ Q. In addition to providing a broader local reachability range (and as a result

expanding the explored volume in the state space) from a given state, varying joint velocities over

a single propagation leads to longer-duration edges as it prevents the robot from becoming locally

“locked” along fixed controls. Moreover, it is necessary that these Monte Carlo propagations are

collision-free and obey the Euler-Lagrange robot dynamics model D to ensure validity in real-world

execution. Our approach to bundle generation can be extended to other robot embodiments as

long as a valid dynamics model is provided.

As an example, we focus on one particular embodiment and use an analytically-derived and

empirically-tuned dynamics model for the 7 degrees-of-freedom (DoF) Franka Emika Panda arm

[31]. This analytical model is defined as τ(q, q̇, q̈) = M(q)q̈ + C(q, q̇)q̇ + g(q) + f(q̇), where q, q̇, q̈,

and τ are 7 × 1 vectors representing the robot’s joint angles, velocities, accelerations, and torques,

respectively. M is a symmetric, positive-definite 7× 7 joint inertia matrix, C is a 7× 1 matrix that
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captures the Coriolis and centrifugal effects caused by robot motion, g is a 7×1 vector encapsulating

the torque required by each motor to counteract gravitational forces, and f is a 7 × 1 vector that

quantifies the torques necessary to counteract friction at the joints. The model is used to verify

whether the propagated joint velocity sequence q̇ obeys the robot torque limits.

Furthermore, validating an edge involves three classes of checks: collision checks, robot state

limit checks, and continuity checks (Algorithm 2, Lines 20-22). Acceptable ranges for the state

and control variables and additionally, dynamics quantities are defined as qmin < q < qmax, q̇min <

q̇ < q̇max, q̈min < q̈ < q̈max, and τmin < τ < τmax. In addition, the dynamics simulations must

obey continuity constraints due to the stringent control requirements of this robot. For a given

static environment, edges are validated to be free of self-collision and environmental collisions via

geometric collision-checking algorithms. This incurs a one-time cost since the edges can be used

lazily for a significant portion of our motion planning process. We next explain how we can compute

useful quantities from this generated edge bundle to enable lazy kinodynamic planning.

This method of edge generation with a sampled duration is known as Monte Carlo propaga-

tion and ensures the preservation of asymptotic optimality in kinodynamic planning algorithms [69].

By applying rollouts from the edge bundle to the planning tree directly without resimulating them,

these techniques not only significantly reduce planning time but also enable the application of this

approach to higher-dimensional systems without compromising the asymptotic optimality guaran-

tees previously established in [130]. By applying rollouts from the edge bundle to the planning tree

directly without resimulating them, these techniques not only significantly reduce planning time but

also enable the application of this approach to higher-dimensional systems without compromising

the asymptotic optimality guarantees previously established in [130].

4.3.3 Edge Perturbation for Lazy Propagation and Collision-Checking

The task of generating an edge bundle that uniformly samples the state and control spaces

of a robot is a computationally intensive process, particularly in the case of a high-DoF robot and

increased environment complexity. A substantial part of this computational workload is incurred
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(a) Computing the Probability of Lazy Propagation
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(b) Estimating the Probability of Collision

Figure 4.2: Perturbing the start state of an edge ei ∈ E (black arrow) by a maximum of θ and
applying ei.u for duration ei.∆t results in a perturbed end state (q̂f ). Applying multiple ran-
dom perturbations for ei (grey arrows in (a), green and red arrows in (b)) allows us to estimate
ei.Plazy prop = Pr(∥q̂f − ei.qf∥2 < θ) = 2/4 and ei.Pcollision = 1/4 for the provided example. We re-
peat this process for all edges in E to integrate lazy approaches to simulation and collision checking
in LazyBoE.
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again during the planning stage, where edges emerging from θ-regions around planning tree nodes

undergo simulation and collision checks [130]. This θ is dependent on state-space dimensions and

denotes the maximum level of similarity in the state space, thereby bounding the set of valid

controls. Additionally, the greedy, heuristic-biased search strategy used by the BoE planner has

the potential to get stuck in local minima, thereby necessitating a method for quickly evaluating

these greedy paths without simulating them entirely. This motivates the need for lazy approaches to

simulation and collision-checking in the kinodynamic setting. More specifically, we need to address

the following two questions for each edge ei ∈ E :

(1) Can ei be lazily propagated instead of undergoing a full simulation?

(2) What is the probability that a lazily propagated edge will result in a collision?

We address these questions empirically by conducting a perturbation analysis on each edge

in the bundle. A disturbance ∆q in the range (0, θ] is added to the start state for each edge. The

resultant end state for an ei is computed as q̂if = f(qi0 + ∆q, q̇i). In the limit that the number of

perturbations for each edge (p) approaches infinity, we are able to accurately estimate both the

maximum error in the end state, ∆qif = max(∥e.qf − q̂f∥2), and the potential collision likelihood.

To address the first question, an edge viable for lazy propagation is characterized as one that

confines the end-state error within the region radius θ, so that viable edges for the next level of

propagations can be picked from this fixed θ-neighborhood. However, this criterion is subjected

to a more stringent requirement, as depicted in Figure 4.3, i.e., the end-state error for ei must be

confined to θ/2 if ei undergoes lazy propagation to ensure the worst-case error between its real

simulation and the following connection to the lazy edge is θ. Put differently, the probability that

an edge can be lazily propagated P i
lazy prop = Pr(∆qif < θ/2) is the ratio of the number of valid

(collision-free and dynamically-feasible) perturbations for which the maximum end state error is

θ/2 to the total number of valid perturbations, pvalid (Figure 4.2a).

Similarly, in response to the second question, we can quantify the probability that an edge

will collide when lazily propagated, i.e., P i
collision = Pr(ei collides), as the ratio of the number
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of edges that collide to the total number of perturbations p (Figure 4.2b). This is in contrast

to prior work which only considers lazy collision checking in the geometric planning domain and

takes a deterministic approach, iteratively discarding edges that are not collision-free [15, 36].

The neighborhood-based control propagation in our work allows for a more nuanced and stochastic

approach to lazy collision checking by allowing edges to be re-explored, potentially uncovering paths

that would be prematurely eliminated by deterministic methods. In this work, we primarily deal

with self-collisions and environmental collisions between the robot and its surrounding environment.

These two probability values for each edge extend the definition of an edge bundle E to the following:

E = {(q0, q̇,∆t, qf , Plazy prop, Pcollision) | q0, qf ∈ Q, q̇ ∈ U}

These two metrics, associated with each edge, are used to guide the planner by deciding when

to apply lazy methods for faster planning times.

4.3.4 Kinodynamic Motion Planner

In order to reduce the computational costs associated with dynamics simulation and collision

checking, we present a lazy approach for exploring the space of edge bundles E , deferring computa-

tion until a viable, low cost approximation to a true candidate path has been found. Our method,

termed LazyBoE, builds upon the design decisions laid out in the BoE planner [130]. In addition, it

leverages the computed probabilities Plazy prop and Pcollision and combines them into the probability

of selecting an edge for lazy propagation as Pselect = (1 − Pcollision) ∗ Plazy prop (Algorithm 2, Line

14). This encourages edges with a lower collision probability to be propagated first, while also

promoting lazy propagation. Since the edges are evaluated probabilistically, they can be used more

than once, adding diversity and breadth to exploration, countering the downsides of the greedy

approach as taken by the BoE planner. Stochasticity thereby avoids local minima and oscillation

issues in greedy search.

In the ideal case scenario, all edges can be lazily propagated, enabling us to search through the

edge bundle until the goal is reached and doing a real propagation on the shortest path from start
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Figure 4.3: LazyBoE can lazily propagate a series of edges from E (shown in grey) in a way that
minimizes heuristic cost. After a lazy candidate path is found (blue), a full simulation and collision
check is performed along this path (green) to extend the planning tree (black). To ensure the highest
rate of success when performing simulation on lazy paths, neighborhood lookup is restricted to θ/2
for lazy search to allow, in the worst case, the maximum error between the end of a simulated edge
and the start of the next lazy edge to be θ.
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Algorithm 2: LazyBoE
Input: Start State q0, Goal Region Qgoal, Edge Bundle E , Neighborhood Radius θ
Output: Path π

1 π ← ∅
2 V ← {q0}
3 while V ̸= ∅ do

// equivalent to SELECT(.) in [130]

4 v ← PICK NODE(V)
// update π to lower cost path

5 if v ∈ Qgoal and !IS LAZY(EDGE TO(v)) then
6 if cost(π) > cost(PATH TO(v)) then
7 π ← PATH TO(v)

8 if IS LAZY(EDGE TO(v)) then
9 Eneighbor ← RADIAL NN(v, θ/2, E)

10 else
11 Eneighbor ← RADIAL NN(v, θ, E)
12 Vnext ← ∅
13 foreach e ∈ Eneighbor do
14 Pselect ← (1− e.Pcollision) ∗ e.Plazy prop

15 apply lazy prop← rand() < Pselect

16 if apply lazy prop then
17 Vnext ← Vnext ∪ e.qf

18 else if !apply lazy prop or !IS LAZY(EDGE TO(v)) or (IS LAZY(EDGE TO(v)) and
SHOULD TERMINATE LAZY()) then

// simulate

19 enew ← f(v, e.u, e.∆t)
20 if COLLISION FREE(enew) and WITHIN LIMITS(enew) and

IS CONTINUOUS(enew) then
21 Vnext ← Vnext ∪ enew.qf

22 V ← V ∪ Vnext
23 return π
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to goal. However, this does not hold due to real simulations that may lead to end states beyond

the neighborhood radius θ < θ′ (Figure 4.2a), thereby resulting in Plazy prop < 1 for many edges.

Therefore, it becomes important to identify the termination conditions for defining when to stop

lazy propagation. These termination conditions (as defined by SHOULD TERMINATE LAZY() in

Algorithm 2, Line 18) are two-fold: i) heuristic value, in our case, the distance to goal state, starts

increasing, or; ii) lazy propagation path reaches the goal region Qgoal. As a result, simulation along

the lazy path is triggered when these conditions hold, if the preceding edge is not a lazy one, or with

probability 1−Pselect (Algorithm 2, Line 18). Next, we demonstrate how these lazy approaches lead

to lower planning times and higher success rates in comparison to baseline kinodynamic motion

planning algorithms.

4.4 Evaluation

4.4.1 Test Setup

We benchmark LazyBoE against a number of kinodynamic planners with forward propaga-

tion, namely RRT [74], SST [79], and BoE [130]. We test three variants of SST based on different

selection-to-pruning radius (0.5x, 1x, and 2x). Each algorithm is evaluated over 25 planning prob-

lems, i.e., pairs of collision-free, randomly-sampled start and goal joint angles, on four metrics: i)

time to initial solution in seconds (Figure 4.4), ii) final solution cost as measured by the arclength

of the trajectory in joint angle space (Figure 4.5), iii) success rate denoted by the fraction of trials

that resulted in at least one planned trajectory (Figure 4.6), and iv) number of solutions per plan-

ning problem (Figure 4.7). This delineation into time to initial solution and final solution cost is

necessitated by the fact that SST, BoE, and LazyBoE are asymptotically optimal in nature. All

algorithms were implemented in Python 3.8 and evaluated on a 6-core AMD Ryzen 5 laptop with

32GB RAM running Ubuntu 20.04. Each algorithm was given a time budget of 60s, except RRT,

which terminates on the first solution.
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Figure 4.4: Our method is able to find the first solution in less time than baseline approaches,
owing to its lazy approach to simulation and collision checking. Asterisks indicate significance level
when comparing our planner to the baseline methods. ns indicates no significant difference.
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4.4.2 Quantitative Analysis

Our LazyBoE planner outperformed baseline kinodynamic methods in multiple key metrics.

First, it achieved an average solution time of 1.06s, substantially faster than the other methods

that were in the range [2.18s, 21.94s] (Figure 4.4). This is due to deferred propagation and collision

checking, which enable a more focused search.

Of note, despite this significant performance improvement, LazyBoE’s final solution cost was

competitive in quality (3.42 cost) to the best performing alternatives, BoE (3.43 cost) and SST

(Figure 4.5). In essence, our method provides efficiency without sacrificing optimality.

The planner also found an average of 3.12 solutions, over 1.5x more than the other methods

(Figure 4.7). This increased solution diversity arises from stochastic edge selection and reuse com-

pared to greedy approaches. Lazily reusing edges rather than discarding them expands the search

frontier faster. More paths are available to evaluate and iterate on, thereby directly translating to

higher success rates. With more valid candidate paths approximated and available to the search,

the likelihood of discovering a collision-free solution path increases substantially. The results val-

idate this, with LazyBoE succeeding 92% of the time compared to [80 − 88]% for other methods

(Figure 4.6). In summary, LazyBoE’s use of lazy propagation and collisions to minimize wasted

computations allows efficient searches that find high quality solutions quickly, while maintaining a

broad exploration. This quantitative analysis validates lazy techniques can improve performance

in kinodynamic planning.

4.4.3 Significance Testing

Statistical analysis using the Mann-Whitney U test further reinforces the results above. p-

values for each test are highlighted in Figure 4.4, Figure 4.5, and Figure 4.7 and marked by ‘ns’ for

p > 0.05, ‘*’ for p ≤ 0.05, ‘**’ for p ≤ 0.01, ‘***’ for p ≤ 0.001, and ‘****’ for p ≤ 0.0001.

LazyBoE’s speedup improvement is statistically significant with respect to most baseline

algorithms, with notably low p-values in comparison to RRT, SST (0.5x), and SST (2x). However,
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Figure 4.5: The final solution cost, i.e., the solution with the lowest cost, for our planner is com-
parable to the BoE planner. Asterisks indicate significance levels.

Figure 4.6: Our algorithm has a higher success rate compared to the baselines owing to the explo-
ration of a greater number of potential solutions (Figure 4.7).
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Figure 4.7: Our planner is able to explore a larger number of solutions than the baseline methods.
RRT terminates after finding the first solution, but the mean number of solutions is less than 1
because RRT does not succeed in finding a solution for every planning problem Figure 4.6. Asterisks
indicate the significance levels.
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the comparison with SST (1x) did not reach statistical significance (p = 0.0529), indicating that

the time difference with this baseline is not conclusive.

For a more robust analysis, we look at the median value, which provides a more accurate

representation of the data’s central tendency, particularly in the presence of a skewed distribution.

LazyBoE has a lower median cost when compared to various iterations of SST (0.5x) and RRT,

demonstrating a potential advantage. It is worth noting that the cost comparison with the BoE

algorithm did not yield a significant difference (p = 0.8142), suggesting comparable cost-efficiency

between these two algorithms. Our algorithm also generated a higher median number of solutions

compared to all baselines, with statistically significant results in all comparisons. In summary, this

significance testing reinforces our claims that LazyBoE offers performance improvements in terms

of both speed and cost-effectiveness.

4.5 Conclusion and Discussion

In this work, we presented LazyBoE, a multi-query approach to kinodynamic motion planning

that takes advantage of lazy propagation and collision checking to outperform existing baselines in

a number of key metrics. Specifically, our method reduces planning time and demonstrates a high

success rate, given its ability to explore a wider range of solutions. However, our method faces

certain limitations. The varying control sampling for a given Monte Carlo propagation introduces

jitter into the trajectory which has to be smoothed with a low-pass filter before real-world execution.

Future work can explore biased sampling techniques that consider the history of control states.

Due to memory limitations, LazyBoE is confined to a limited subset of the robot’s state and

control spaces. Scaling the approach to cover the entire robot workspace is a pressing challenge,

stemming from memory constraints, especially when planning dynamically-feasible trajectories that

may involve higher-order derivatives of the state space variables. While strategies such as selective

loading or using a database could alleviate this, they require significant engineering optimizations.

Beyond the engineering required to scale this method, we also intend to explore application-

centric extensions, such as planning for heavy payloads, liquid transport, and nonprehensile manip-
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ulation, which can benefit from assigning task-specific weights to edges for more biased, multi-query

exploration. While our implementation focuses on kinodynamic planning for robotic manipulation,

the foundational principles of our planner are designed with broader applicability in mind. Gener-

alizing the planner to accommodate a wider array of kinodynamic planning problems, beyond the

realm of robotic manipulation, represents a promising direction for future work.

4.6 Case Study: Whole-Body Non-Prehensile Manipulation Under Actua-

tion Failures

This case study carries the precomputation principle of this chapter into the task space:

reusable kinodynamic motion structure is built for a robot whose embodiment is partially disabled

by mechanical failure; this section summarizes the problem structure, methods, and key results.

4.6.1 Long Deployments and Locked-Joint Failures

Robots are increasingly integrated into critical applications, ranging from industrial automa-

tion to healthcare and even space exploration [143, 70, 104]. The reliability and continuous oper-

ation of these robotic systems are crucial for their acceptance and utilization in such demanding

environments. However, as robots perform tasks over extended periods, the likelihood of mechani-

cal failures increases [5, 129, 96]. A particularly critical and crippling case is when multiple joints

fail simultaneously. These multi-joint failures can drastically reduce the robot’s task space and

challenge standard motion planning algorithms due to the constraints of the robot’s configuration

and control spaces [62].

4.6.2 Effects on Workspace, Manipulability, and Feasibility

These constraints in the robot’s kinematics and dynamics can degrade its manipulation ca-

pability through reduced abilities. For a robot manipulator that becomes underactuated due to

multi-joint failures, several constraints can occur: i) the position and orientation of the end effector

become coupled to the robot’s remaining functional joints, ii) the manipulable area will be con-
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strained to a subset of its non-failure size, iii) grasping may not be possible due to task constraints,

such as an object being in an ungraspable orientation, iv) the robot may lose the ability to ma-

nipulate the end-effector entirely due to an adverse configuration, and v) the end effector will be

subject to nonholonomic constraints [13].

We consider two failure cases on the Franka Emika Panda arm, shown in Figure 4.8. Failure

Case 1 locks three joints—the Posterior Elbow Rotation, Anterior Elbow Rotation, and Wrist

Rotation—which limits the graspable area and reduces the range of grasping configurations by

coupling the end-effector orientation to the joint configuration. Failure Case 2 locks the Wrist

Lift and Wrist Rotation joints, precluding use of the end-effector in completing manipulation tasks

entirely.

Elbow Lift ----­
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" ~ -----Anterior Elbow 
i 

Rotation 
~~ 

~ Rotation 
\ ,~ , 

-~ Shoulder---~-
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----- Wrist Lift 
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Figure 4.8: Two locked multi-joint (LMJ) failure cases on the Franka Emika Panda arm (failed joints
indicated by red rings). Left (Case 1): Posterior Elbow Rotation, Anterior Elbow Rotation, and
Wrist Rotation joints locked, restricting grasp configurations. Right (Case 2): Wrist Lift and
Wrist Rotation joints locked, precluding end-effector use entirely.

4.6.3 Whole-Body Non-Prehensile Manipulation as Recovery

To counteract the limits multi-joint failures impose on the robot’s manipulation capability, we

must shift the manipulation paradigm to include abilities beyond grasping and interaction beyond

the end-effector. We propose using non-prehensile manipulation (NPM), or abilities corresponding

to “anything but” grasping, through contact across the whole robot embodiment, to compensate

for these constraints.
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We leverage the poking primitive from Chapter 3 as a representative NPM ability to enable

manipulation in the presence of LMJs, since it significantly expands the set of reachable configu-

rations and the number of degrees of freedom of the robot’s operational space. The challenge of

identifying a viable sequence of NPM actions is compounded when dealing with robots experiencing

locked joint failures: the search must find actions feasible within the altered kinematic landscape

imposed by the failure. This intersection often leads to a zero-measure manifold, which is diffi-

cult to sample when following a uniformly random strategy. To mitigate this issue, we propose a

pre-computation approach, which maps the reach and capability post-LMJ and then finds a set of

dynamic actions the robot can achieve, considering the limitations imposed by LMJs.

We adapt kinodynamic edge bundles to store NPM actions in a failure-centric map [130],

a method that captures the effects of nonholonomic constraints on end-effector motion. The set

of all possible joint states and valid control inputs form manifolds C and U ; under LMJ failure,

these degenerate into constrained manifolds Cc and Uc with significantly smaller volume [62]. We

approximate Cc through a collection of Monte Carlo rollouts—kinodynamic edges—of the robot’s

dynamical model with random control inputs sampled from Uc. This precomputed failure-centric

kinodynamic map is multi-query, requiring only a single offline build per failure configuration.

To utilize the kinodynamic map, we developed a sim-in-the-loop task planner. To under-

stand the benefits of utilizing a simulator in the planning loop, we study three Action Selection

Mechanisms (ASMs): the Random ASM finds all the edges that intersect the object and picks

one randomly; the Lazy ASM picks the first edge that the simulator predicts will move the target

object toward the goal; and the Greedy ASM scores a subset of candidate edges in simulation and

executes the highest-scored edge on the real robot.

Relying solely on the end effector renders the robot ineffectual in failure cases that severely

or entirely limit its use. NPM abilities and the capability to interact with the environment using

the whole embodiment allow for increased robot manipulable area. The nominal full-dexterity

manipulable area is 0.85 m2; the use of NPM increases this to 108% of nominal (Table 4.1). When

using NPM actions, the robot maintains 92% of the reachable area in Failure Case 1 compared to
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Failure Case Ability Area (m2) Change in Reachable Area

No Failure NPM+PM 0.92 Datum
PM only 0.85 −8%

Case 1 NPM+PM 0.85 −8%
PM only 0.62 −33%

Case 2 NPM+PM 0.73 −21%
PM only 0 −100%

Table 4.1: Reachability data. Whole-body NPM recovers most of the nominal workspace even
when prehensile-only manipulation fails completely.

67% when using prehensile manipulation only. Since Failure Case 2 precludes use of the end-effector,

the prehensile-only reachable area is eliminated; however, using NPM actions, the reachable area

is only reduced by 21%.

Across 267 real-world trials over three scenarios and two failure cases, the Greedy ASM

achieves a 100% success rate in Failure Case 1 across all scenarios. Overall, our data shows a new

and unique ability to conduct manipulation tasks while experiencing LMJs that restrict the robot’s

capability to manipulate using traditional pick-and-place approaches. Our sim-in-the-loop planner

improved the robot’s ability to do these tasks by looping in a physics model to our NPM actions.

This case study follows the same structure as LazyBoE: sampling-based planning augmented

with compact precomputed physical structure to make an otherwise low-measure feasible set tractable

to explore. Sampling alone is thereby insufficient when physical constraints concentrate valid states

on a thin manifold; targeted precomputation is necessary to steer the planner into the feasible re-

gion efficiently. Together, both these works take explicit search amortization close to its practical

limit: they reuse precomputed kinodynamic edge bundles across related queries, but those bundles

are still tied to known collision geometry and a fixed dynamics model. Higher path quality there-

fore comes from denser sampling, which increases storage, lookup, and preprocessing cost, while

changes in the constraints require new bundles or revalidation. The next part of the thesis shifts

from storing reusable motion structure to learning conditional trajectory distributions that can

amortize feasibility across changing task and constraint conditions.



Chapter 5

From Sampling to Generation: Planning as Conditional Sampling

The planners of the preceding chapters either evaluate dynamic feasibility online (Chapter 3)

or store it in explicit precomputed structure (Chapter 4). This chapter reframes motion genera-

tion as conditional sampling : rather than searching for a feasible trajectory, we draw one from a

learned distribution whose conditioning encodes the constraints under which it must be feasible.

This reframing establishes the conceptual bridge between kinodynamic planning and the trajectory

diffusion models developed in Chapters 6 and 7.

5.1 Reframing Planning

Diffusion models have recently emerged as an effective generative modeling approach for pro-

ducing high-quality, diverse samples from learned approximations to conditional or unconditional

multimodal distributions, albeit at the cost of longer generation times [131, 39, 121, 101]. This

class of generative methods has found application in robotics in two main areas: imitation learning

[22, 134] and seeding for trajectory optimization [21, 41], owing to its ability to represent multi-

modal distributions effectively and produce diverse and high-quality samples from the modeled data

space. While existing applications have shown diverse real-world behaviors through end-effector

delta actions, they primarily focus on kinematic constraints, require many human demonstrations,

and necessitate training a new model for novel behaviors [22, 2, 34, 154]. These limitations direct

my research toward the seeding problem for trajectory optimization—specifically, developing diffu-

sion models that produce kinematically and dynamically admissible trajectories which can further
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be refined by standard trajectory optimization iterations.

Diffusion models offer a compelling solution to trajectory generation through their inherent

properties: they naturally explore diverse solution trajectories through stochastic denoising [22]

while modeling complex, multimodal distributions that accommodate rich contextual information.

A distinctive advantage of diffusion models is the ability to apply cost guidance at inference time,

steering the denoising process to generate trajectories that avoid obstacles and respect higher-order

constraints—a capability not native to most alternative generative architectures. Diffusion models

also afford parallel sampling : because denoising is a batched tensor operation, many candidate

trajectories can be generated simultaneously on modern hardware for little more than the cost of

one, whereas a sampling-based planner must grow its search structure sequentially. The result is

a diverse set of candidates from which downstream components can select the best trajectory or

seed optimization with multiple initializations.

5.2 Background on Diffusion

Diffusion operates as a two-step process: forward and reverse (also known as inference, sam-

pling, planning, or denoising). In its simplest implementation, the training process consists of

adding noise according to a scheduler to a training data sample, then training a neural architecture

to predict the magnitude of added noise (epsilon prediction), and minimizing the MSE loss between

the added noise and the predicted noise [39]. During inference, random Gaussian noise of the same

dimensionality as the target data is generated and iteratively denoised through the trained neural

architecture over multiple steps to generate a valid sample.

A joint space trajectory with t waypoints at denoising step k is defined as πk = [Xk
0 , . . . , X

k
t−1]

T

where Xi = (qi, q̇i, q̈i) ∈ Rn represents the complete state (joint angles, velocities, and accelerations)

of an n-DoF robot arm at timestep i. The training process for the diffusion model approximates

the conditional distribution p(π | C), where C is the target conditioning embedding (Figure 5.1). It

samples π from dataset D, adds noise according to a schedule parameterized by α, γ, and σ, and

learns to predict the underlying sample. The noise prediction network ϵθ, where θ represents the
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Figure 5.1: When combined, input conditioning, training dynamics, and inference-time guidance
enable a strong multimodal approximation of the distribution of (near-)admissible trajectories that
can be refined with trajectory optimization.



63

parameters of the 1D U-Net architecture, is trained to minimize

L(θ) = MSE(ϵk, ϵθ(C,π0 + ϵk, k)) (5.1)

Given a trained ϵθ, the K-step iterative denoising process

πk−1 = α · (πk − γϵθ(C,πk, k) + N (0, σ2I)) (5.2)

starts from πK ∼ N (0, I) and generates a trajectory π0 that respects the conditioning information

and obeys start, goal, joint limit, collision, and dynamic constraints.

Behavior Cloning and Imitation. In imitation learning, diffusion models learn a policy

directly from demonstration data, generating end-effector delta actions conditioned on sensory

observations such as RGB images [22, 134], point clouds [154], and tokenized 3D scene features

combined with language [148, 57]; the same recipe underlies generalist policies that decode actions

through diffusion heads [139]. This role has demonstrated impressive real-world generalization but

remains fundamentally tied to kinematic, position-controlled execution.

Trajectory-Level Planning. In trajectory-level planning, the diffusion model generates

full trajectories rather than per-step actions: either directly as a planner through guided denoising

[49, 21, 123], or as near-feasible joint-space seeds for downstream trajectory optimization [128, 41].

This is the role that the remainder of this thesis follows: rather than executing diffusion outputs

directly, we use them as near-admissible initializations that substantially reduce the iteration burden

on optimization-based refinement.

In practice, start and goal states are enforced via inpainting [21], i.e., terminal states are

ignored from the denoising process and set to problem constraints πk
0 = Xstart and πk

t−1 = Xgoal

where q̇start = q̇goal = q̈start = q̈goal = 0. Collisions are avoided via inference-time gradient guidance

πk−1 = πk−β ·∇J(π;E) where β is a tunable guidance weight, J defines the collision cost function

and E represents the set of all obstacles in the environment [123]. Additionally, joint limits are

enforced via clamping during training and inference. While existing approaches have shown diverse

real-world behaviors, they primarily focus on kinematic constraints and soft constraint compliance

remains the fundamental ceiling of the standard pipeline.
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5.3 Levers for Tightening Constraint Compliance

The diffusion-based trajectory generation system comprises four core components (Figure 5.1):

Problem-Specific Conditioning. Real-world tasks invariably operate under both kine-

matic and dynamic constraints. These constraints are incorporated via the conditioning mechanism,

effectively learning a conditional distribution that leverages prior work in sensory feature learning

[66] and feature-wise conditioning [111]. This conditioning can take various forms—RGB images

[22, 134], point clouds [154], depth information [41], or task-centric representations such as task

parameters, returns, and constraint specifications [128, 2]—all aimed at generating near-admissible

motions that can be further refined by trajectory optimization.

Training Data Composition. This unconditional approximation can be enhanced to

better capture the underlying distribution through high-quality, task-specific training data, typ-

ically produced at scale by expert planners [30, 21, 128]. The model can also be guided toward

on-manifold learning through task-specific loss function design, in addition to the standard noise

prediction loss [22, 123, 21].

Loss Design. Examples of loss functions include trajectory smoothness and collision

distance [128], and Cartesian space error and non-linearity-aware weighting [41]. These design

choices can be supplemented by the numerous methods available in machine learning literature to

support generalization (e.g., regularization, data augmentation, cross-validation).

Inference-Time Cost Guidance. A distinctive advantage of diffusion models is the

ability to apply cost guidance at inference time, steering the denoising process to generate trajecto-

ries that avoid obstacles and respect higher-order constraints [49, 21, 123]. This approach requires

diversity in training data to function effectively.

Inpainting. Additionally, inpainting techniques—originally developed for image comple-

tion [81]—enforce hard state compliance for problem-specific constraints like start and goal states,

while the remainder of the trajectory is generated through the denoising process [49, 123, 21].
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5.4 What the Literature Emphasizes and What It Underexplores

While these building blocks provide a foundation for trajectory generation, existing diffusion-

based approaches primarily focus on kinematic feasibility and collision avoidance [21, 123, 128, 41],

overlooking the critical role of dynamics constraints in real-world robotic tasks. This limitation

significantly reduces their effectiveness as initializers for trajectory optimizers like GOMP-FIT [43],

which must subsequently reconcile the kinematically-viable but dynamically-infeasible paths. My

work addresses the fundamental challenge of incorporating dynamic constraints directly into the

diffusion model framework. Rather than treating diffusion models as geometric path planners, I

present a work that uses a high-level conditioning mechanism to implicitly encode dynamic con-

straints for a payload transport task (Chapter 6); and another follow-up work that presents a

task-agnostic trajectory generation framework (Chapter 7). Combined, these approaches aim to

significantly reduce the computation burden on trajectory optimization with kinematic and dy-

namic constraints.



Chapter 6

Compressed Representation for Kinodynamic Feasibility

Chapter 4 amortized dynamic feasibility by storing explicit kinodynamic motion structure,

while Chapter 5 reframed motion generation as conditional sampling. Because explicit motion

structure scales poorly with the dimensionality of the robot state and the range of constraints the

system must accommodate, this chapter replaces stored motions with trajectory diffusion models

that encode how the distribution of feasible motion varies with task-relevant physical conditions.

The primary instantiation is super-nominal payload manipulation, where payload mass conditions

the generated joint-space trajectory. A subsequent case study applies the same principle to failure-

induced embodiments, where changes in available actuation alter the distribution of feasible motion.

6.1 Introduction: Diffusion for Super-Nominal Payload Manipulation

Manipulator design establishes fundamental performance boundaries through the interplay

of mechanical structure, actuation system, and control architecture. At the hardware level, these

capabilities manifest as explicit physical constraints: joint angle limits that define the reachable

workspace, maximum velocities bounded by motor specifications, and torque limits determined by

the drivetrain capacity. However, a crucial distinction exists between these hardware limitations

and the operational capacities specified by manufacturers for general-purpose deployment. While

hardware limits are absolute physical constraints, nominal specifications—like payload capacity

and effective workspace boundaries—are derived conservatively by considering worst-case scenar-

ios across possible configurations and trajectories. In practice, system integrators and end-users
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Figure 6.1: The diffusion model presented in this work learns to generate dynamically feasible
trajectories directly in joint angle, velocity, and acceleration space, enabling super-nominal payload
manipulation.
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are locked into treating these derived operational capacities as hard limits rather than contextual

capabilities, constrained by warranty requirements to design processes well within these conserva-

tive bounds. This well-established approach of over-provisioning hardware to ensure ample safety

buffers has system-wide cascading effects—from the need to procure oversized actuators and power

supplies, to reinforcing mounting structures for added load tolerance, to expanding facility require-

ments to accommodate larger equipment. For instance, when an application requires handling a

35kg payload, end-users are forced to select a 50kg-rated robot over a 30kg-rated system, despite

the latter being capable of safely executing the task within broad regions of its operational space.

It is possible to overcome the issue of hardware over-provisioning through software-based op-

timizations, which allow to expand the safe operational envelope of a fixed/given robot embodiment

and enable it to perform beyond nominal payload specifications. This requires unified handling of

both kinematic and dynamic constraints, as payload characteristics interact with joint configura-

tions and higher-order derivatives to determine feasible motions. Even if they have not solved

this specific problem, prior approaches in this space have investigated the challenge from multiple

perspectives: geometric planners with dynamics post-processing [103, 11], kinodynamic planning

[130], optimization-based methods [43], and control-based frameworks [4]. However, these meth-

ods face inherent trade-offs between design complexity, constraint handling, and computational

efficiency; these become particularly critical when operating near system limits where the feasible

solution space becomes highly constrained. These limitations highlight the need for a method that

balances constraint satisfaction with generalizability—i.e., the ability to adapt to varying payloads,

environmental conditions, and task requirements while maintaining consistent performance.

Of note, diffusion models [22, 134] present a compelling opportunity address the “curse of di-

mensionality” inherent in trajectory planning with simultaneous kinematic and dynamic constraint

satisfaction. By learning from successful trajectories generated by multiple (imperfect) planning

methods, these models can extract various homotopic solution classes that overcome the limitations

of individual approaches. This distills successful solutions from diverse planning approaches into

a unified representation that generalizes across the entire feasible space, including regions where
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individual planners fail. The inherent stochasticity in the denoising process enables the exploration

of diverse trajectories [22], while their capacity to model high-dimensional distributions allows in-

corporation of rich contextual information such as sensor data and problem constraints. However,

existing diffusion-based approaches have been confined to position-controlled systems [21, 123],

leaving the challenge of integrating both kinematic and dynamic constraints unaddressed.

In this work, we propose a method that directly tackles this problem by jointly learning

valid distributions of positions, velocities, and accelerations that satisfy both constraint types

simultaneously—moving beyond prior work that only denoises in position space. Central to our

approach is the use of payload mass—a high-level object property—as a conditioning signal that

implicitly encodes the full complexity of payload-induced dynamics into the generative process,

without requiring explicit constraint formulation at inference time. Through investigation of pay-

load encoding strategies, we demonstrate that diffusion models effectively learn the complex rela-

tionships between joint states and payload-dependent dynamics, enabling constant-time generation

(≈ 10ms) of feasible trajectories that preserve 67.6% workspace accessibility at 3× nominal payload

capacity—without explicit constraint checking at runtime. This demonstrates the importance of

dynamics-informed generative models in expanding the operational boundaries of robotic systems.

6.2 Related Work

Manufacturer-specified operational parameters for general deployment of robots are typi-

cally far more conservative than hardware-level physical limits and often lack transparency in their

derivation. This has led to significant under-utilization of robotic capabilities, as evidenced by

geometric motion planning and time parameterization approaches dominating most industrial use

[11, 23, 103] and recent advances in foundation models for manipulation in unstructured envi-

ronments being restricted to exclusively geometric reasoning tasks [102, 139, 160]. A nuanced,

configuration-dependent understanding of the robot’s specifications that considers both robot and

environment dynamics could enable a broader spectrum of manipulation capabilities within hard-

ware limits.
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Higher-order constraints such as joint torques and end-effector accelerations can be addressed

through several approaches that range from “plan-and-filter” methods which post-process geo-

metric paths [1, 67] to kinodynamic planners that directly incorporate dynamics during planning

[78, 99, 106]. While these approaches offer completeness guarantees, they face practical limitations

in high-dimensional manipulation spaces and often exhibit high variance in planning times espe-

cially when faced with state or model uncertainty. These challenges are particularly acute when

planning near operational limits, where the feasible solution space becomes increasingly constrained

[62]. Optimization-based methods accommodate dynamics constraints but rely heavily on good ini-

tialization, leading to hybrid approaches that bootstrap the optimization process with learning or

sampling-based solutions [44, 67, 151]. Optimal control formulations for dynamics-aware manipu-

lation also exist [4, 60]. Despite their theoretical rigor, they face practical limitations in handling

complex constraints and achieving reliable convergence for real-world manipulation problems.

Importantly, there exist a large body of works that demonstrate how a robot’s behavioral

repertoire can be significantly expanded when incorporating dynamic constraints—e.g. nonprehen-

sile manipulation [28, 108, 122, 153, 155] or fast inertial transport [4, 43, 94, 6]. These capabilities

and considerations are particularly relevant for the specific problem of payload manipulation, where

the interaction between payload and induced joint torques significantly influence task success. Inter-

estingly, payload manipulation presents unique challenges that intersect robot design and control.

Traditionally, prior work has focused on mechanical modeling for specific low-DoF systems [144],

with emphasis on payload capacity optimization [65] and joint torque considerations [100]. Other

work in this domain tackles super-nominal payload handling through the use of multi-arm systems

[59, 150]. However, the field lacks generalizable approaches for high-DoF systems that can reason

about dynamic payload-robot interactions across diverse tasks.

Learning-based approaches offer promising directions for both generalizability and efficient

trajectory generation in high-dimensional constrained spaces while respecting system dynamics.

Autoregressive models implicitly encode dynamics through dataset design [30, 118], while recent

diffusion-based approaches provide alternatives with improved sampling diversity [21, 123]. Task-
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level diffusion policies, conditioned on language and visual embeddings [2, 22], demonstrate poten-

tial for generating diverse behaviors from high-level task specifications. Our method conditions a

denoising diffusion model on the target payload to generate dynamically feasible trajectories.

6.3 Diffusion Models for Trajectory Generation

Diffusion models are a class of generative models that produce high-quality and diverse sam-

ples across multiple data modalities [39]. These models operate through a two-phase process: first,

gradually corrupting training data with Gaussian noise in a forward process, then learning to reverse

this corruption through an iterative denoising process. In the context of robot motion planning,

we use diffusion to generate collision-free and dynamically feasible trajectories.

A joint space trajectory with t waypoints at denoising step k is defined as πk = [Xk
0 ; . . . ;Xk

t−1]

where Xi = (qi, q̇i, q̈i) ∈ R3n represents the complete state (joint angles, velocities, and accel-

erations) of an n-DoF robot arm at timestep i. The training process for the diffusion model

approximates the conditional distribution p(π | P), where P is the target payload representation

(Section 6.4.2). It does so by sampling π from dataset D, adding noise according to a noise schedule

parameterized by α, γ, and σ, and learning to predict the underlying sample. The noise prediction

network ϵθ, where θ represents the parameters of the 1D U-Net architecture, is trained to minimize

L(θ) = MSE(ϵk, ϵθ(P,π0 + ϵk, k)).

Given a trained ϵθ, the K-step iterative denoising process πk−1 = α · (πk − γϵθ(P,πk, k) +

N (0, σ2I)) starts from πK ∼ N (0, I) and generates a trajectory π0 that can support a target

payload and obeys start, goal, joint limit, and collision constraints. In practice, start and goal states

are enforced via inpainting [21], i.e., πk
0 = Xstart and πk

t−1 = Xgoal where q̇start = q̇goal = q̈start =

q̈goal = 0. Collisions are avoided via inference-time gradient guidance πk−1 = πk − β · ∇J(π;E)

where β is a tunable guidance weight, J defines the collision cost function, and E represents the set

of all obstacles in the environment [123]. Additionally, joint limits are enforced via clamping during

the training and inference processes. Specific to our work, p(π | P) implicitly models dynamically

feasible payload-induced torques through an object property-based global conditioning mechanism
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that influences the entire trajectory by appending target payload representation m to the diffusion

timestep embedding in the noise prediction network architecture [22].

6.4 Payload-Conditioned Trajectory Denoising

Here, we present our payload-conditioned diffusion model to generate pick-and-place trajec-

tories that transport super-nominal payloads while obeying kinematic and dynamic constraints.

6.4.1 Training Data

Our payload-conditioned diffusion model (Section 6.4.2) is trained on 25, 000 time-parameterized,

collision-free joint space trajectories (state dimension = DoF×3, corresponding to joint angles, ve-

locities, and accelerations) for tabletop pick-and-place motions. These trajectories are generated

using a plan-and-filter pipeline that uses cuRobo, a GPU-accelerated trajectory optimization frame-

work [138], followed by a dynamics validation step (Figure 6.2).

First, trajectories are generated for the 7DoF Franka Emika Panda robot arm with an effective

payload mass of 0kg. Second, to ensure that payload-induced joint torques remain within hardware

limits, each trajectory is verified through an analytically-derived dynamics model parameterized on

real-world data [31]. This model captures joint torques induced by inertia, Coriolis effects, gravity,

and velocity-dependent joint friction. By using a dynamics model fitted to real robot trajectory

data, we ensure that our training dataset reflects the physical constraints observed in hardware.

This dynamics verification step utilizes a complete robot model where q, q̇, q̈, and τ are 7×1

vectors representing joint angles, velocities, accelerations, and torques respectively. The dynamics

matrices include: M(q) (7 × 7 positive-definite, symmetric joint inertia matrix), C(q, q̇) (7 × 7

Coriolis/centrifugal matrix), g(q) (7× 1 gravity compensation torque vector), and f(q̇) (7× 1 joint

friction torque vector). External task space forces Fext (6 × 1) map to joint torques through the

Jacobian J(q) (7 × 7). The dynamics model is parameterized as:

τ = M(q)q̈ + C(q, q̇)q̇ + g(q) + f(q̇) + J−1(q)Fext (6.1)
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Figure 6.2: Plan-and-filter process to create training data.
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Note that this analytically-derived model represents the robot without external payloads which

can affect model accuracy when considering varying payload masses in real-world deployment. To

account for payload-induced joint torques, we model the gravitational effects as a 6D Cartesian

wrench transformed from the world frame to the end-effector frame. This frame transformation

is critical for accurately projecting gravitational forces acting on the payload along the robot’s

embodiment. We represent the external gravitational wrench Fg ∈ R6 in the world frame with a

simplified point mass model: Fg = mg · [0, 0, −1, 0, 0, 0]T where m ∈ R+ denotes payload mass

and g ≈ 9.81 m/s2 is gravitational acceleration. This representation assumes force application at

the object’s center of mass, neglecting potential moment contributions. The wrench’s structure

combines linear forces (first three components) and angular forces (last three components), which

are mapped to induced joint torques through the manipulator Jacobian, contributing to the total

joint torque vector (Equation (6.1)).

The training dataset D is constructed from these trajectories that satisfy both kinematic

and dynamic constraints. Each element di ∈ D is a tuple of trajectory πi and maximum sup-

ported payload mi. Each mi is the maximum supported payload mass for trajectory i subject to

|τ(πi,mi)| ≤ τmax, ∀t ∈ [0, T ] where τt is computed via the dynamics equation (Equation (6.1)).

Having established our dataset D of dynamically feasible trajectories and their corresponding

maximum payload limits, we now consider different ways of incorporating payload conditioning into

the diffusion model architecture.

6.4.2 Payload-Conditional Trajectory Generation

We extend the diffusion policy architecture to condition trajectory generation on payload

mass through global conditioning [22]. Unlike local conditioning where features influence each

waypoint individually, global conditioning applies the mass embedding uniformly across the entire

trajectory, preserving dynamic feasibility across the generated motion (Figure 6.3).

For each training trajectory i with corresponding maximum supported payload mass mi ∈ D,

we investigate four approaches to incorporate a target payload mass pi into an encoding vector Pi.
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The payload encoding P is concatenated with a diffusion timestep embedding to form a global

conditioning vector, which is then integrated into ϵθ through either additive or affine transform

conditioning [111]. We consider the following approaches for designing P.

Numeric Input. A random supported mass scalar pi ∼ U(0,mi) is sampled and fed di-

rectly to the network. This approach naturally supports continuous payload values during inference,

despite training on a discrete set of payload values.

One-Hot Encoding. For a system supporting payloads from 0− 18kg in 1kg increments,

a random supported mass pi ∼ U(0,mi) is encoded as a 19-dimensional binary vector with a single

non-zero entry at index ⌈pi⌉. While this categorical representation simplifies the learning task by

discretizing the payload space, it constrains inference to the discrete payload values seen during

training. During inference, continuous payload masses must be quantized to their ceiling value ⌈p⌉

before input to the denoising network, ensuring a tight upper bound for conservative operation.

Less-Than Encoding. This encoding exploits the logical constraint that trajectories sup-

porting a given payload must also support all lighter payloads. For a random supported mass

pi ∼ U(0,mi), we construct a 19-dimensional binary vector where entries are 1 for indices j ≤ ⌈pi⌉

and 0 otherwise. This representation directly encodes the downward compatibility constraint into

the input space, potentially improving the network’s ability to learn and respect payload-dependent

constraints. During inference, continuous payload masses are similarly mapped to their ceiling value

⌈p⌉ to construct the binary encoding.

Supported-Range Encoding. This approach encodes the complete range of supported

payloads for a given trajectory. For training trajectory i with maximum supported mass mi, we

construct a 19-dimensional binary vector where entries are 1 for indices j ≤ ⌈mi⌉ and 0 otherwise.

During training, this encoding preserves the full payload compatibility information from D. At

inference time, for a target payload mass p, the encoding can be constructed either as a one-hot

vector with a single non-zero entry at index ⌈p⌉, or as a less-than encoding with ones for indices

j ≤ ⌈p⌉. This dual interpretation enables both trajectory generation for specific payloads and

exploration of the learned manifold of payload-trajectory relationships. Broadly, each encoding
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method presents trade-offs between generalization capability and training simplicity.

6.5 Evaluation

To validate our method, we focus on pick-and-place motions—a canonical industrial robotics

requirement where super-nominal payload manipulation can significantly extend the operational

envelope of robot arms while obeying strict hardware limits. In our experiments, payloads were

rigidly attached to the end-effector with a geometrically centered and uniform mass distribution.

This was a deliberate experimental choice necessitated by the limited grasping force of our parallel

gripper, ensuring repeatable execution across trials. Importantly, this choice is not a fundamental

limitation of our method: as shown in the supplementary video, our approach is capable of handling

non-rigidly attached objects and payloads with modest center-of-mass offsets, though some failure

modes at higher payloads are also highlighted and explained there. During execution, invalid

trajectories generated by the diffusion model are simply not executed. For valid trajectories that

fail due to unmodeled dynamics (e.g., payload oscillations), standard robot safety stops are triggered

automatically. Our approach relies on the manufacturer’s joint velocity controller for trajectory

tracking, which provides sufficiently accurate state tracking for the tasks evaluated in this work.

6.5.1 Comparison of Payload Encodings

Our evaluation of different payload encodings, conducted with FiLM conditioning and payload

encoding normalization, reveals several key insights in terms of planning success rate (Figure 6.4).

Numeric and one-hot approaches demonstrate comparable effectiveness, particularly for pay-

loads within nominal capacity (0 − 3kg). However, all methods show a tendency to underestimate

success rates for higher payloads, potentially due to data imbalance in the training set. When inter-

preted as a less-than encoding during inference, the supported-range encoding achieves competitive

performance, but its one-hot interpretation leads to significantly lower success rates. While the

encoding is designed to capture richer payload-trajectory relationships, the network struggles to

fully utilize this information during generation. The inability of numeric, supported one-hot, and
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Figure 6.4: The aggregate success rate metric shows one-hot diffusion closely matching the under-
lying training data distribution.
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supported less-than encodings to achieve 100% success rates in the most loosely-constrained and

data-rich portions of the state space, i.e., the nominal operating regime (0 − 3 kg), suggest fun-

damental limitations in how these encoding schemes enable the diffusion model to obey kinematic

and dynamic constraints. For subsequent experiments, we use with the one-hot encoding scheme,

which demonstrates superior performance in terms of success rate.

6.5.2 Comparison across Planner Types

For the purposes of our discussion, we refer to DDIM (One-Hot) as a primary point of

comparison. Denoising Diffusion Implicit Models (DDIM) offer accelerated inference due to fewer

denoising steps (in our case, 5) [133]. We also present results for DDPM [39] with 25 denoising

steps. Notably, our experiments demonstrate that DDIM achieves identical success rates to DDPM

despite requiring significantly less planning time (≈ 0.01s), validating our approach for realtime

use (Figure 6.5c).

We evaluate our approach against a diverse set of trajectory planning methods using mean

planning time to first solution and the corresponding success rate over 500 tabletop manipulation

tasks as the primary metric (Figure 6.5c). This metric provides a fair basis for comparison across

fundamentally different planning paradigms. Additional metrics include planning time factor (mean

planning time of baseline / mean planning time of DDIM) (Figure 6.5a), relative success rate change

over DDIM as a percentage (Figure 6.5b), and standard deviations of planning times (Figure 6.5d).

Plan-and-Filter Methods. Broadly, plan-and-filter methods employ a sequential process:

first planning a geometric path via sampling-based motion planning, then time-parameterizing it

to derive joint velocities and accelerations, and finally validating trajectory feasibility for the target

payload using the robot dynamics model (Equation (6.1)). This iterative process continues until

a feasible trajectory is found that satisfies all joint torque constraints induced by the payload

[1]. We evaluate two CPU-accelerated geometric planning variants: VAMP (RRTConnect) with

deterministic sampling and VAMP (RRTConnect) with random sampling [140]. We select Ruckig

for time parameterization due to its ability to generate time-optimal trajectories in realtime [11].
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Figure 6.5: Comparative analysis of trajectory planning methods for payloads of 3kg, 6kg, and 9kg.
DDIM (One-Hot) significantly outperforms a variety of baseline methods in both planning time to
first solution and success rate, generating dynamically feasible trajectories in constant time across
all payload conditions.
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Geometric motion planning and time parameterization can alternatively be unified within a single

optimization framework (here, cuRobo) which can be followed by the dynamics validity checking.

Since there is a decoupling between kinematic reasoning and dynamic reasoning, further ex-

acerbated by the separate time parameterization step in the VAMP variants, these approaches

demonstrate inferior performance compared to our one-hot DDIM model (Fig. 6.5c). VAMP with

deterministic sampling achieves marginally higher success rates than VAMP with random sampling

due to its low-dispersion sampling strategy, which provides more uniform exploration of the config-

uration space. Despite this sampling advantage, both variants exhibit higher standard deviations

(Fig. 6.5d) and lower overall success rates, particularly with heavier payloads (Fig. 6.5b). These

methods also exhibit significant planning time variability (Fig. 6.5a). The temporal predictability

of our approach is particularly valuable for industrial pipelines, where high standard deviations in

planning times can complicate integration with broader automation workflows. The success rate

differential between cuRobo and DDIM particularly demonstrates that our model effectively learns

from successful trajectories generated by imperfect planners. While cuRobo with validation often

requires multiple attempts to find feasible solutions, our method leverages these curated trajectories

during training to achieve higher success rates, especially under super-nominal payload conditions.

Kinodynamic Motion Planning. Plan-and-filter methods generate paths requiring post-

processing to satisfy dynamic constraints, potentially invalidating the solution. By planning directly

in the state space that includes joint angles, velocities and accelerations, kinodynamic planning

ensures dynamically feasible solutions from the outset. Specifically, we employ steering-based kin-

odynamic RRT as our baseline, planning in the joint angle, velocity, and acceleration space [74].

Ruckig serves as our steering function owing to its ability to operate in realtime while respecting

third-order constraints [11]. Each edge undergoes validity checking that includes dynamics (Equa-

tion (6.1)) and smoothness checks before addition to the planning graph. Results not only indicate

high planning times to find the first solution (> 1000× compared to DDIM) due to “the curse

of dimensionality” (Figure 6.5a), but also show high standard deviations due to random sampling

in the high-dimensional state space (Figure 6.5d). The clustering of success rates observed across
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all three payloads suggests an inherent planning bias in kinodynamic RRT, indicating insufficient

exploration in this non-Euclidean state space (Figure 6.5a). Furthermore, kinodynamic approaches

require extensive tuning of hyperparameters that interact with system dynamics. Suboptimal pa-

rameter selection frequently results in planning timeouts or physically implausible trajectories.

Trajectory Optimization with Torque Constraints. This baseline implements Se-

quential Least SQuares Programming (SLSQP) optimization for trajectory generation, minimizing

sum-squared jerk to ensure smoothness [43]. To facilitate direct comparison with our method, we

constrain trajectory durations instead of performing time optimization [138, 43], isolating evalua-

tion to payload manipulation capabilities. The formulation incorporates linearized representations

of both dynamic payload constraints and collision avoidance parameters. The success rate disparity

between optimization and DDIM becomes particularly pronounced with higher payloads as the op-

timization landscape becomes increasingly constrained. This significant performance gap warrants

discussion in the context of our evaluation choices. We implemented an SLSQP optimization formu-

lation as a baseline that directly handles dynamic constraints without sophisticated warm-starting

or acceleration techniques. Recent work has shown that optimization-based planners can achieve

substantially better performance both in planning time and success rate through strategies like

learning-based seeding [44, 41]. However, our baseline still highlights the computational challenge

of finding feasible solutions in high-dimensional spaces with nonlinear dynamic constraints.

6.6 Conclusion of this Work

This work demonstrates that manipulators can safely operate well beyond their nominal

payload ratings through diffusion-based trajectory generation, challenging the traditional approach

of hardware over-provisioning in industrial automation. By training on trajectories that span the

full range of payload-dependent dynamic constraints and leveraging the successes of “imperfect”

planners, our model learns to generate motions for complex tasks in constant time that respect

system limitations without explicit constraint checking at runtime. This enables safe operation

even at super-nominal payloads, maintaining 67.6% of the nominal workspace at 3× rated capacity.
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5.4 kg
(1.8x)

6.8 kg
(2.3x)

Figure 6.6: Two qualitative motions of the robot carrying super-nominal payloads of 5.4kg (1.8×
nominal capacity) and 6.8kg (2.3× nominal capacity) are shown. Colored dots indicate joint torques
as a percentage of joint limits: 0 − 20%, 20 − 40%, 40 − 60%, 60 − 80%, 80 − 100%. Joints 1, 3,
and 5 exhibit higher torques, with joint 1 bearing the structural load of the arm and joints 3 and
5 positioning and orienting the payload.
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Potential avenues for future work include studying how to determine the optimal composition

of training data from different planners operating in varied environments. Moreover, the notion of

conditioning on object-level characteristics can be generalized to handle objects with internal dy-

namics like liquids or articulated parts, moving beyond rigid-body assumptions. Such a framework

could significantly reduce robotic system integration complexity and design burden by eliminating

separate subsystems for different planning aspects, while maintaining the computational efficiency

advantages and higher-order constraint satisfaction demonstrated in this work.

6.7 Limitations

While our results establish the viability of super-nominal payload manipulation on fixed/given

hardware, several aspects warrant further discussion. Rigid Attachment Choice. Even though

the rigid attachment experimental choice simplifies analysis by eliminating offset moments, it in-

troduces two critical limitations in real-world execution (see accompanying video): dynamic effects

from payload oscillation when objects are not perfectly rigid, and unmodeled torques when the

object’s center of mass is significantly offset from the end-effector’s origin. These assumptions can

lead to trajectory tracking errors or even task failures, particularly when handling flexible materials

or asymmetric objects. Looking ahead, extending our approach to objects with internal dynam-

ics will require explicit robot-object dynamics models to capture effects such as rotational inertia,

slippage, and uneven mass distributions. Incorporating these nonlinearities, together with friction

modeling for fingered grippers and suction force modeling for suction-based end-effectors, remains

an important direction. Moreover, expanding the conditioning space to whole-body contact forces,

fingertip wrench cones, and suction dynamics, as well as embedding more advanced controllers (e.g.,

impedance or admittance), will allow the same “constraint-aware by design” principle to scale to

interaction-rich manipulation tasks. Test-Time Robustness. Assessing test-time robustness

requires long-term deployment studies and, in many cases, proprietary Original Equipment Man-

ufacturer (OEM) data on wear-and-tear. Whether robots should operate continuously at or near

maximum capacity is also a design question for robot OEMs. While our method generates trajec-



85

tories that respect manufacturer-specified torque limits, joints do run hotter under high payloads,

motivating further study of safety margins under sustained operation. Embodiment General-

ization. We acknowledge that embodiment understanding must be more directly incorporated into

the training process to enable generalization across different robotic platforms.

Our work also raises important theoretical questions about completeness and optimality guar-

antees for learning-based motion planning. Even though we can argue that diffusion models trained

on optimal trajectories will generate similarly optimal solutions, establishing formal completeness

guarantees remains an open challenge. Moreover, while our method demonstrates advantages in

inference speed, traditional optimization-based approaches offer clearer constraint satisfaction guar-

antees and greater flexibility in adapting to new constraints without retraining. That said, training

is not a bottleneck: we generate training trajectories across multiple payload conditions, with

each trajectory verified for kinematic and dynamic feasibility throughout the robot’s operational

workspace. The compact dimensionality of our denoised samples enables fast retraining of the

UNet and efficient creation of a high-quality dataset with comprehensive operational space cover-

age, but without the need for real-world payload manipulation data (assuming the existence of a

robot dynamics model, which also lends to system modularity).

More rigorous evaluations comparing CPU versus GPU performance and Python versus C++

implementations would enable direct baseline comparisons but standardizing these benchmarks re-

mains challenging. Our evaluation of baseline methods maintains industry-standard implementa-

tions of baselines without additional optimizations for deployment infrastructure. Several other

under-explored areas of research remain: optimal training data selection for maximizing planner

generalization, disambiguating data imbalance from model generalization to explain the high vari-

ance in torques for higher payloads, leveraging diffusion models’ continual learning capabilities at

industrial scale, and conditioning on real-world sensor modalities like point clouds for deployment.
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6.8 Case Study: Diffusion Under Failure-Induced Embodiments

6.8.1 Motivation

The Mars rover Opportunity’s robotic arm first stalled on November 25, 2005; its shoulder

joint experienced intermittent motor stalls for years, managed with voltage workarounds and revised

stow procedures [98]. Similarly, Curiosity’s drill paused sampling for roughly eighteen months until

a hand-designed drilling method restored coring [97]. Cases like these underscore that failures in

continuously operating systems are inevitable [8]. Prevailing safety standards mandate fail-freeze

behavior, requiring robots to halt when faults are detected [47, 48, 46]. The result is prolonged

downtime and reduced autonomy. In this work, we contrast this overly conservative approach

with fail-active behavior, a more ambitious (and harder to achieve) reliability goal in which robots

maintain functionality, full or reduced, under fault conditions [87]. Fail-active behavior is how

humans operate: we continue walking on a sprained ankle, writing with a non-dominant hand,

going to work when we’ve had our hearts broken.

Faults reshape what the robot can physically do: actuation failures (e.g., joint range and

velocity restrictions) shrink the feasible workspace and degrade manipulability, electrical faults

(e.g., brownouts) reduce control authority, sensor drift can distort state estimates, and end-effector

wear (e.g. lowered friction) degrades contact mechanics. Ultimately, these physical changes mean

the robot can no longer move the way it originally planned.

In this case study, we focus on actuation failures as they directly affect how the robot moves.

Fail-active operation requires adapting to these altered kinematics, which can cause end-effector

motion to become non-holonomic; meaning the same control input may no longer yield the same

end-effector motion [13]. It is also important to note that since degradation can evolve over time

[7] and the failure state is not known a priori, the space of failure modes is effectively

unbounded. Moreover, each joint can fail independently in multiple ways, and this complexity

scales combinatorially with the robot’s degrees of freedom, making reliable performance across

failures hard to engineer.
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As failure-induced constraints redefine the robot’s workspace, manipulability, and feasible

interactions with the world, we posit that each failure mode can be interpreted as a new embod-

iment. Through this lens, different embodiments are unable to perform the same tasks using the

same behaviors. As no same set of behaviors can span all embodiments, multiple motion primitives

are needed to expand the feasible action space and reachable task-space [17].

Synthesizing effective motion primitives for arbitrary failure conditions is challenging due to

the complex relationship between robot embodiment constraints and feasible task-space behaviors.

Existing approaches fall short in three key gaps: 1) they do not generalize to arbitrary failure

configurations [17, 149]; 2) they are not capable of completing multiple manipulation primitives

[115]; and 3) they do not address multi-joint failures [93, 58]. To the best of the authors’ knowledge,

no existing work bridges all three of these gaps simultaneously. Diffusion models are uniquely suited

to solve this. Because they excel at modeling multimodal data distributions, diffusion policies can

generate across the range of actions required to span these infinite embodiments at inference.

6.8.2 Embodiment-Aware Conditioning

To this end, we present DEFT : a D iffusion-based Embodiment-aware Fail-active Task-

conditioned trajectory generation framework, capable of maintaining robot manipulation func-

tionality under failure conditions (Figure 6.7). Our contributions are: (i) an embodiment vector

encoding per-joint actuation failures for online adaptation to previously unseen failure-induced em-

bodiments and (ii) a constraint encoding selecting between constrained and unconstrained motions

to enable the use of multiple motion primitives. Furthermore, we utilize start–goal inpainting and

output clamping to enforce embodiment failure conditions [81].

Our goal is fail-active manipulation: generate functional, feasible trajectories under joint-level

failures. We pose this as conditional trajectory generation given the failure-induced embodiment

and the task constraint. Each failure specifies a new embodiment of the robot, and each constraint

(e.g., unconstrained vs. constrained motion) induces a distinct trajectory distribution. Given

the start and goal joint configurations the policy π infers a future sequence of joint states over
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Figure 6.7: DEFT takes as input a structured embodiment encoding representing joint-level failures
and a constraint encoding then synthesizes a feasible robot trajectory via a diffusion model. After
experiencing a failure, a given task will likely need to be completed in a different manner. In
this figure, the pick-and-place segment is no longer feasible, given the failure condition of a locked
second joint and reduced velocity range on joint 1 and reduced angle range on joint 5, and the
robot must now push the object to a graspable state to complete the task.
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Figure 6.8: Overview of DEFT. (a) joint-level embodiment constraints are encoded into a structured
representation capturing failure constrained joint position and velocity limits. This embodiment
encoding is processed by a multilayer perceptron (MLP) and used to condition the diffusion model.
(b) Task-specific constraints (e.g. unconstrained or constrained) are represented as one-hot vectors
and concatenated with the embodiment encoding to constrain the generative process. Given these
conditioning signals and start–goal joint configurations, the model generates feasible joint-space
trajectories adapted explicitly to both the robot’s degraded embodiment and task requirements.
At each step of the denoising process the predicted joint values are clamped to the failure-induced
robot joint limits.
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a fixed number of steps T . Unlike prior work that assumes a fixed set of failure configurations

to control over, our method adapts online. It learns both the control behavior and the allowable

motions from the current failure condition and the task constraint.

Embodiment Conditioning To inform the model of the robot’s failure constrained em-

bodiment, we use an embodiment encoding vector ξ to condition the diffusion model. We model

joint-level failures as per-joint constraints on the robot’s actuation capabilities. Each failure em-

bodiment is represented as ξ = [eq, eq̇] ∈ R4N , with eq,j = [qmin
j , qmax

j ]⊤ and eq̇,j = [q̇min
j , q̇max

j ]⊤ for

all j ∈ {1, . . . , N} such that 0 ∈ eq̇,j . Failures reshape the robot’s feasible configuration space and

task-space reachability and exist in a continuous space, allowing ξ to capture a wide spectrum of

degradation severities, as shown in Figure 6.8. Let {qt}Tt=1 denote a trajectory over T steps, where

qt ∈ RN is the joint configuration at time t, and q̇t its velocity. A configuration qt satisfies the

feasibility set Ct(qt, ξ) if:

Ct(qt, ξ) =
{
qt ∈ RN

∣∣∣ qt,j ∈ eq,j , q̇t,j ∈ eq̇,j

∀j ∈ {1, . . . , N}
}
.

(6.2)

A trajectory is feasible if q1:T ∈
⋂T

t=1 Ct(qt, ξ). We condition on failures structurally: the model

learns to generate motion plans that obey the constraints. To integrate embodiment information

into the generative process, we pass ξ through an MLP to produce an embedding that modulates

the diffusion model via FiLM. To ensure that the trajectory connects the desired start and goal

states we apply start–goal inpainting, fixing (qs,qg) in the input trajectory. In addition, we clamp

the trajectory to the limits during both training and inference.

Constraint Conditioning We further condition the model on discrete task constraints

using a one-hot encoding vector, τ . Let τ ∈ {0, 1}K be a one-hot vector with exactly one nonzero

entry, such that
K∑
k=1

τk = 1 and τk ∈ {0, 1} ∀k.

We concatenate τ with ξ to form the conditioning vector ζ = [ξ, τ ]⊤, which is injected via FiLM.

These constraints are not explicitly enforced during inference but must be learned implicitly through
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the conditioning signal. The constraint encoding also informs the model of task-imposed end effector

constraints, which it otherwise would not know while operating in joint space.

The formulation above enables zero-shot trajectory generation across diverse embodiments

and task conditions. For example, when a shoulder joint becomes unusable, the robot can switch

from lifting to pushing an object without task-specific retraining or policy switching.

We evaluate DEFT using two task constraints. Unconstrained motion corresponds to a

feasible trajectory between two points and includes unconstrained manipulation where the object

is rigidly secured to the end-effector. Constrained motion corresponds to planar, approximately

straight-line motion with minimal end-effector orientation change—a spatial constraint for motion

primitives such as pushing, pulling, or surface tracing. The valid trajectory sets are, respectively:

TUnconstrained =
{
qt∀t ∈ {1, . . . , T}

∣∣∣ q1 = qs, qT = qg,

qt ∈ Ct(q, ξ)
}
.

(6.3)

TConstrained =
{
qt ∀t ∈ {1, . . . , T}

∣∣∣ pt ∈ P ∧

∆pt ≤ ϵp,∆Rt ≤ ϵR ∧ qt ∈ Ct(q, ξ)
}
.

(6.4)

This allows DEFT to: 1) generalize to arbitrary failure configurations; 2) complete multiple

manipulation primitives; and 3) handle multi-joint failures.

6.8.3 Results

We evaluate DEFT in two settings: (i) a simulation analysis and (ii) a real-world com-

parison. We ask if a single policy can remain fail-active under embodiment degradation.

Simulation Analysis We test three hypotheses to probe DEFT’s generalization to ar-

bitrary joint failures (H1 and H2) and to test whether DEFT produces both unconstrained and

constrained motions (H3): H.1 Does DEFT obey embodiment constraints of arbitrary actuation

failures more often than classical planners? H.2 Does DEFT generalize to out-of-distribution

(OOD) failures? H.3 Does DEFT adhere to constraint conditions more than approaches spe-

cialized to a single class of constraints?
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We use the motion planning method from data generation as our baseline, with RRT for

unconstrained motions and differential IK with optimization for constrained motions. These

baselines do not handle both primitives. In contrast, DEFT generates both within a unified

model. We evaluate on a fixed-base 7-DoF Franka Emika Panda arm. The study covers 4.7k failure

conditions; of which 2.9k includes joint angle constraints (reduced and locked) and the rest are joint

velocity constraints. For each condition, we randomly select 1–7 joints to be locked, range-limited,

or velocity-restricted. Of these conditions, 22% are in-domain (ID) and 78% are out-of-domain

(OOD). Each unique failure condition is tested 100 times, each with 100 start-goal pairs for a total

of 4.7M trajectories evaluated.

Hypothesis Summary Test Condition Baseline DEFT

H.1 Does DEFT handle Angle Failure 48.2% 84.3%
arbitrary joint failures? Velocity Failure 32.5% 70.8%

H.2 How well does DEFT In Domain 78.33%
handle unseen failures? Out of Domain 73.61%

H.3 How well does DEFT Constrained 30.93% 46.42%
create multiple primitives? Unconstrained 42.4% 99.58%

Table 6.1: Success rate of the Baseline methods and the DEFT method.

DEFT outperforms traditional planning baselines across various failure conditions (Ta-

ble 6.1). DEFT achieves a success rate of 74.51%, while the baseline achieves only 36.85%—an

absolute improvement of 37.66 percentage points. Near-parity between ID and OOD success indi-

cates DEFT does not memorize seen cases. DEFT performs better for both primitives: 99.58% vs.

42.40% for unconstrained, and 46.42% vs. 30.93% for constrained motions.

Real-World Evaluation. We test DEFT on two long-horizon, multi-primitive tasks (Fig-

ure 6.9). The Drawer Task consists of five sequential phases: pulling the drawer open, pushing

the object to a graspable position, grasping, placing the object inside, and pushing the drawer

closed. The Erasing Task requires grasping an eraser from the table and sweeping it back and forth

across a whiteboard to remove pre-written text. Together these tasks demand transitions between

unconstrained free-space motion and constrained contact-rich interaction.

DEFT achieved perfect task completion on both real-world tasks (Table 6.2). The Optimiza-
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Figure 6.9: Left (Erasing): The robot grasps an eraser from the table and performs back-and-forth
sweeps to remove text. Right (Drawer): The robot opens a drawer, pushes an object to a graspable
pose, places it inside, and closes the drawer.
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Table 6.2: Real-world task results over 10 runs.

Model Task Mean Std.

DEFT Drawer 1.00 0.00

DEFT Erasing 1.00 0.00

Optimization Drawer 0.00 0.00

Optimization Erasing 0.35 0.32

DEFT-NoConditioning Drawer 0.60 0.49

DEFT-NoConditioning Erasing 0.93 0.12

tion baseline produced no executable plans on the drawer task. DEFT-NoConditioning succeeded

in 6/10 drawer runs and 9.3/10 erasing runs, with failures attributable to missing embodiment con-

ditioning and inpainting causing surface-constraint violations. These outcomes support our central

hypothesis: embodiment and task conditioning, coupled with inpainting and clamping, yield a

policy that remains fail-active under embodiment degradation.

Comparing against the sampling-based failure-centric approach from Chapter 4, DEFT re-

moves the need for pre-computation of kinodynamic action maps and generalizes to previously

unseen failure conditions at inference time—directly addressing the computational demand lim-

itation identified in that work. The cost is the loss of formal completeness guarantees, which

sampling-based kinodynamic methods provide under certain conditions.

6.9 Looking Forward

Together, the payload and embodiment results show that diffusion models can encode dy-

namic feasibility implicitly when the conditioning variable captures a physical factor that strongly

shapes the feasible trajectory set. In the payload setting, a scalar mass input changes the dis-

tribution of torque-feasible motions; in the failure setting, an embodiment descriptor changes the

distribution of executable motions under degraded actuation. This suggests a broader direction,

but also exposes a limitation: the conditioning signal must be chosen with knowledge of the con-

straint variation being represented. Chapter 7 therefore asks whether constraint-aware generation

can move beyond hand-selected physical parameters by conditioning on behavioral responses to

diagnostic motion probes.



Chapter 7

Behavioral Anchor Conditioning for Constrained Trajectory Diffusion

Chapter 6 showed that conditional trajectory diffusion can internalize feasibility when the

conditioning variable is a known physical parameter, such as payload mass or embodiment state,

that biases the feasible motion distribution. This chapter removes the assumption that such a

parameter is available. Instead, it represents an environment by the feasibility responses it induces

on fixed diagnostic trajectory snippets, producing a compact behavioral signature that conditions

diffusion toward near-feasible trajectory seeds for downstream optimization.

7.1 Introduction

Diffusion-based policies can learn expressive motion priors from demonstrations and can en-

able generalization across tasks [49, 22, 154]. In planning settings, generation must be environment-

conditioned: the same start and goal can require very different trajectories depending on the con-

straints imposed by the scene or task [21, 128]. This makes the conditioning representation central

to the success of the model, since the diffusion model can only generate appropriate trajectories if

its condition captures the environment differences that matter for motion.

Constraint information, including kinematic and dynamic constraints derived from scene,

robot embodiment, and task, enter the trajectory denoising model through a learned observation

embedding via FiLM [111], concatenation [22], or cross-attention [57]. A common approach is to

condition on high-dimensional perceptual inputs, such as RGB images [22, 134], depth maps [41],

point clouds [154, 118], occupancy grids, or learned visual embeddings [135]. These representations
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are intuitively appealing because they preserve scene information, moving from appearance-level

information in RGB toward more explicit geometric information in depth or point clouds.

However, perceptual richness does not guarantee behavioral usefulness: a representation

may preserve visual or geometric variation that is irrelevant to planning, while discarding sub-

tle constraint-relevant variation. For trajectory diffusion, two environments should be considered

equivalent if they induce the same or similar feasible trajectory distribution, even if they look

different perceptually. Conversely, two perceptually similar environments should be represented

differently if they force different trajectory behavior, for example because a small geometric or

dynamic change makes one class of motions infeasible. This motivates behavioral equivalence (not

perceptual similarity) as the right level of abstraction [29, 77]: the conditioning variable should

collapse perceptual variance that does not affect motion, while preserving constraint-induced dif-

ferences that do. This notion is constraint-agnostic: the relevant constraints may be kinematic,

geometric, dynamic, torque-based, contact-based, safety-related, or task-specific; the representation

only needs to encode how those constraints affect feasible motion.

This chapter introduces behavioral anchor conditioning, a method for constructing compact

environment codes for trajectory diffusion from binary feasibility responses to diagnostic trajectory

snippets. Figure 7.1 illustrates the anchor-selection process and the construction of binary environ-

ment signatures from diagnostic feasibility probes. Each snippet acts as a fixed motion probe, and

each environment is represented by the vector of feasibility outcomes produced by evaluating those

probes under the environment’s constraint model. The resulting signature is not intended to recon-

struct the scene—it is designed to preserve distinctions that affect feasible motion. This chapter

studies the collision-avoidance setting, where the feasibility oracle is a geometric collision checker.

The broader formulation is compatible with other binary constraint oracles, but the quantitative

results in this chapter focus on collision-aware trajectory generation.

7.2 Related Work

Diffusion models for robot trajectories. Diffusion models have recently become a
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Figure 7.1: Diagnostic anchor selection. Candidate trajectory snippets are evaluated across en-
vironments using a binary feasibility oracle. Snippets that produce the same response in every
environment provide little information, while snippets that split currently indistinguishable envi-
ronments refine the behavioral signature. The selected anchors define a compact binary code for
each environment, where environments with identical signatures are treated as equivalent by the
downstream trajectory diffusion model.
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powerful class of generative priors for robot decision making and trajectory generation [131, 39].

Diffuser formulates planning as iterative denoising over trajectories, showing that a diffusion model

can represent flexible, multimodal behavior in sequential decision problems [49]. Diffusion Policy

extends this idea to visuomotor control by learning a conditional denoising process over action

sequences and executing the generated actions in a receding-horizon manner [22]. Subsequent work

has improved the structure of the generated trajectories and the observation conditions used to

guide denoising. ChainedDiffuser combines keypose prediction with local trajectory diffusion for

manipulation [148], while 3D Diffuser Actor denoises end-effector pose trajectories conditioned on

tokenized 3D scene features, language, and proprioception [57]. DP3 similarly argues that compact

point-cloud observations provide a strong interface between 3D perception and diffusion-policy

learning [154]. In motion planning, Motion Planning Diffusion learns trajectory priors that can

seed optimization-based planners [21], with follow-up work guiding denoising through ensembles

of collision costs [123] and conditioning on depth to seed GPU-based trajectory optimization [41].

These works demonstrate that diffusion models can represent expressive trajectory distributions,

but they generally assume that the conditioning representation already exposes the environment

differences that matter for feasible motion.

Environment representations for learning-based planning. A central question in

learning-based planning is how to encode the scene so that a policy or planner can generalize across

environments. Early neural motion-planning work encoded workspaces from point clouds or learned

obstacle features, showing that learned representations can accelerate collision-free planning in un-

seen scenes [118, 135, 30]. More recent diffusion-based planners and manipulation policies have

moved toward structured 3D, object-centric, and affordance-based conditions. PRESTO represents

the environment using sparse key configurations that approximate configuration-space obstacles

for diffusion-based trajectory seeding [128]. Lan-o3dp conditions a diffusion policy on language-

selected, task-relevant object point clouds and uses denoising-time cost guidance for collision avoid-

ance [75]. SPOT represents manipulation tasks through object-centric SE(3) pose trajectories and

uses these trajectories to condition a diffusion policy [40]. AffordDP further conditions diffusion
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policies on transferable affordances, represented through 3D contact points and post-contact tra-

jectories, to improve generalization to novel object categories [147]. These approaches reduce de-

pendence on raw appearance by introducing geometric, object-level, or affordance-level structure.

However, their abstractions are still primarily organized around what is perceived in the scene,

rather than around which motions the scene permits or forbids.

Behaviorally aligned abstraction. Our work is closest in spirit to representation-learning

approaches that define abstraction by behavioral relevance rather than perceptual similarity [29, 77].

DeepMDP learns latent models whose representations preserve reward and transition structure [33],

and deep bisimulation methods learn visual-control representations that discard task-irrelevant

variation while preserving control-relevant dynamics [156]. Language-guided state abstraction sim-

ilarly seeks task-aligned state descriptions that suppress irrelevant observation dimensions for im-

itation learning [109]. We adopt the same high-level principle, but instantiate it for environment-

conditioned trajectory diffusion. Instead of asking a learned visual embedding to infer which per-

ceptual differences affect planning, we define an environment through its binary responses to a

fixed set of diagnostic trajectory snippets under the active constraint model. The resulting feasi-

bility signature acts as a compact behavioral code: environments with similar feasible trajectory

distributions can map to similar signatures even when they differ visually, while small perceptual

changes remain separated whenever they change which trajectories are feasible. This positions

our method between structured conditioning for diffusion policies and control-relevant abstraction,

with the key distinction that the conditioning variable is built from explicit constraint responses

rather than from perception alone.

7.3 Methods

This section introduces behavioral anchor conditioning for trajectory diffusion. The method

constructs a compact environment representation by evaluating selected diagnostic trajectory snip-

pets under an environment-specific feasibility oracle. The resulting binary signature is then used

as the environment-conditioning input to the trajectory denoising model.
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7.3.1 Problem Setup

Let E = {E1, . . . , EN} denote a set of training environments. Each environment defines a con-

straint model under which robot trajectories can be evaluated. In this chapter’s experiments, these

constraints are geometric collision constraints, but the formulation allows any binary feasibility

criterion. We assume access to a constraint oracle

f(E, τ) ∈ {0, 1}, (7.1)

where f(E, τ) = 1 indicates that trajectory τ satisfies the constraints of environment E, and

f(E, τ) = 0 indicates that at least one constraint is violated.

A trajectory is represented in robot configuration space as

τ = (q0, q1, . . . , qT ), qt ∈ Rd, (7.2)

where d is the number of robot degrees of freedom. The goal is to learn a conditional generative

model that samples trajectories from

p(τ | qstart, qgoal, ϕ(E)), (7.3)

where qstart and qgoal define the planning query and ϕ(E) is the environment representation. The

central question is how to construct ϕ(E) so that it preserves the environment differences that

matter for feasible motion.

7.3.2 Conditional Trajectory Diffusion

We use a denoising diffusion model over trajectories. Given a clean trajectory τ0, the forward

process corrupts it with Gaussian noise:

q(τt | τ0) = N
(√

ᾱtτ0, (1 − ᾱt)I
)
, (7.4)

where t ∈ {1, . . . , Td} is the diffusion timestep and ᾱt is determined by the noise schedule. A neural

denoiser ϵθ is trained to predict the added noise conditioned on the noisy trajectory, diffusion
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timestep, planning query, and environment code:

ϵθ = ϵθ(τt, t, qstart, qgoal, ϕ(E)). (7.5)

The training objective is the standard noise-prediction loss

L(θ) = Eτ0,t,ϵ

[∥∥ϵ− ϵθ(τt, t, qstart, qgoal, ϕ(E))
∥∥2
2

]
, (7.6)

where ϵ ∼ N (0, I). During inference, trajectories are generated by iterative denoising from random

noise while conditioning on the start state, goal state, and environment representation.

This formulation makes the choice of ϕ(E) critical. If two environments require different mo-

tion behavior but receive similar conditioning input, the denoising model has insufficient informa-

tion to generate environment-appropriate trajectories. Conversely, if the representation preserves

irrelevant perceptual variation, the model must learn to ignore it. Behavioral anchor conditioning

addresses this by constructing ϕ(E) from feasibility responses to diagnostic motion probes.

7.3.3 Diagnostic Anchor Signatures

We approximate behavioral equivalence using a finite set of diagnostic trajectory snippets. A

snippet is a short contiguous segment extracted from a demonstrated or planned trajectory. Given

a trajectory τ = (q0, . . . , qT ), a snippet of horizon H starting at index r is

s = (qr, qr+1, . . . , qr+H−1). (7.7)

Let S = {s1, . . . , sM} denote the set of candidate snippets extracted from the training trajectories.

Each candidate snippet acts as a constraint probe. Evaluating snippet si in environment Ej gives

a binary response

Bij = f(Ej , si), B ∈ {0, 1}M×N . (7.8)

Each row of B describes the feasibility pattern of one snippet across environments, and each column

describes how one environment responds to all candidate snippets.
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Given an anchor set A = {a1, . . . , ak} ⊆ S of selected snippets, environment Ej is encoded

by its feasibility responses to those anchors (i.e., the corresponding entries of B):

ϕA(Ej) = [f(Ej , a1), f(Ej , a2), . . . , f(Ej , ak)] ∈ {0, 1}k. (7.9)

The signature ϕA(Ej) is a behavioral code rather than a reconstruction of the scene. It records how

the environment responds to selected motion probes, preserving distinctions that affect feasibility

while discarding variation that is irrelevant to the chosen constraint model.

7.3.4 Entropy-Based Anchor Selection

The goal of anchor selection is to choose snippets whose feasibility responses distinguish

environments according to their constraint-induced behavior. A snippet that is feasible in every

environment, or infeasible in every environment, provides no information because it does not sep-

arate environments. Informative snippets are those that split groups of environments that are

currently indistinguishable under the anchors selected so far.

Let Am denote the anchors selected after m greedy iterations, and let

Cm(Ej) = ϕAm(Ej) (7.10)

be the current signature assigned to environment Ej . These signatures induce a partition of the

training environments into groups

Gm = {Gc : c ∈ range(Cm)}, Gc = {Ej ∈ E : Cm(Ej) = c}. (7.11)

Within each group Gc, all environments are indistinguishable under the selected anchors.

For an unselected candidate snippet si /∈ Am, define the empirical probability that the snippet

is feasible within group Gc:

pi,c =
1

|Gc|
∑

Ej∈Gc

Bij . (7.12)

The informativeness of the candidate within that group is measured by binary entropy,

h(pi,c) = −pi,c log2 pi,c − (1 − pi,c) log2(1 − pi,c), (7.13)
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with h(0) = h(1) = 0. The conditional entropy gain of candidate snippet si is

∆H(si | Am) =
∑

Gc∈Gm

|Gc|
N

h(pi,c). (7.14)

This score is high when a snippet produces balanced feasibility outcomes inside large groups of

environments that are not yet distinguished. At each iteration, the next anchor is selected as

am+1 = arg max
si /∈Am

∆H(si | Am), (7.15)

and the anchor set is updated:

Am+1 = Am ∪ {am+1}. (7.16)

The procedure terminates when k anchors have been selected, when the maximum entropy gain

falls below a threshold, or when the resulting signatures are sufficiently discriminative for the

downstream task.

This greedy objective can be interpreted as selecting the next feasibility query that provides

the most information about the environment identity conditioned on the queries already selected.

More importantly for planning, it selects probes that expose constraint-relevant variation not cap-

tured by previous anchors.

7.3.5 Behavioral Equivalence and Encoding New Environments

The selected anchor set defines a finite approximation to behavioral equivalence. Two envi-

ronments are equivalent under anchor set A if they produce the same constraint-response signature:

Ei ∼A Ej ⇐⇒ ϕA(Ei) = ϕA(Ej). (7.17)

This equivalence relation does not require the environments to be visually or geometrically identical.

It only requires them to respond identically to the selected diagnostic probes. Conversely, visually

similar environments can receive different signatures if they permit different anchor snippets.

After the anchors have been selected, a new environment Enew is encoded by evaluating the

same anchors under its constraint oracle:

ϕA(Enew) = [f(Enew, a1), . . . , f(Enew, ak)] . (7.18)
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The resulting binary vector has the same coordinate semantics as the training signatures and can

be used directly as the environment-conditioning input for the diffusion model. For the collision-

avoidance experiments in this chapter, each bit records whether the corresponding anchor snippet is

collision-free in the environment. More generally, the same interface can be used with any constraint

oracle that maps trajectory snippets to binary feasibility outcomes.

7.4 Evaluation

This section evaluates whether diagnostic anchor conditioning provides a more task-aligned

environment representation for collision-aware trajectory diffusion. The empirical study focuses

on geometric collision constraints, where the feasibility oracle evaluates whether trajectory snip-

pets and generated trajectories remain collision-free in a given environment. Although the anchor

construction is formulated for arbitrary binary constraint oracles, the quantitative results in this

chapter are limited to the collision-avoidance setting. The broader constraint-agnostic interpreta-

tion is discussed separately as an extension of the interface.

The main question is whether conditioning on binary anchor signatures improves the qual-

ity of generated trajectory initializations compared with perceptual, hand-designed, environment-

agnostic, and random conditioning baselines. We evaluate this question using collision-free rate,

collision fraction, collision steps, and worst-case clearance metrics across three training seeds.

7.4.1 Experimental Setup

We compare trajectory diffusion models that share the same denoising architecture and train-

ing procedure, but differ in the representation used for environment conditioning. The proposed

method, denoted Anchor Traj, conditions the model on binary constraint-response signatures in-

duced by the selected diagnostic anchor snippets. These anchors are chosen using the entropy-based

procedure described in Section 7.3, which greedily selects snippets whose feasibility outcomes max-

imally refine the current partition of training environments.

We compare against four conditioning baselines. Point Cloud conditions the diffusion model
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on a point-cloud representation of the environment using a standard PointNet++ encoder [117].

Key Config conditions on key robot configurations produced by PRESTO [128]. Start-Goal pro-

vides only the planning query and does not condition on environment information. Random assigns

random vectors as environment codes, testing whether performance gains arise merely from provid-

ing distinct identifiers rather than behaviorally meaningful structure. We also report VAMP [140]

as an oracle-like upper bound. VAMP is not intended as a directly comparable learned condition-

ing method; rather, it indicates the approximate performance ceiling achievable by the underlying

planner or trajectory source.

All learned models are trained using three random training seeds. Error bars indicate varia-

tion across seeds. In the plots, the notation “n/3” indicates that a baseline outperformed Anchor

Traj on n out of three seeds for the corresponding metric.

7.4.2 Metrics

We evaluate generated trajectories using four collision-related metrics. The collision-free

rate measures the fraction of generated trajectories that satisfy collision constraints over the full

trajectory. The collision steps metric counts the number of states along a trajectory that are

in collision. The collision fraction normalizes this quantity by trajectory length, measuring the

proportion of the trajectory that violates collision constraints. Finally, we compute worst-case

clearance metrics over trajectories. The mean worst-case clearance measures the average minimum

clearance along generated trajectories, while the tail worst-case clearance reports the fifth percentile

of worst-case clearance, capturing rare but severe constraint violations.

7.4.3 Collision-Avoidance Results

Figure 7.2 summarizes the collision-avoidance results across the learned conditioning methods

and the VAMP reference ceiling. The main result is that anchor conditioning improves the quality

of generated trajectory initializations. While the collision-free rate provides a useful binary success

measure, the clearest advantage of Anchor Traj appears in the violation-severity metrics: collision
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This is the chart that actually matters!

More Obstacle Penetration

Figure 7.2: Collision-avoidance evaluation across three training seeds. Anchor Traj denotes the
proposed diagnostic anchor conditioning method. VAMP is shown as an oracle-like upper bound
rather than a learned conditioning baseline. Point Cloud uses a PointNet++ environment encoder,
Key Config uses PRESTO key configurations, Start-Goal does not condition on environment in-
formation, and Random uses random environment codes. Anchor Traj provides the strongest
overall learned-model performance, with the clearest improvements appearing in collision-severity
and worst-case-clearance metrics.
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fraction, collision steps, and worst-case clearance. These metrics are especially important in this

setting because the diffusion model is used to generate trajectory candidates that may be passed

to a downstream planner or optimizer. A trajectory that is not fully feasible but has fewer and less

severe collisions is a better initialization than one that penetrates obstacles deeply or remains in

collision for a large portion of the rollout.

7.4.3.1 Collision-Free Rate

Anchor Traj achieves the strongest collision-free rate among the learned diffusion-based con-

ditioning methods. VAMP remains the reference ceiling, as expected, because it represents the per-

formance of the underlying trajectory source rather than a learned conditioning baseline. Among

the learned methods, Anchor Traj outperforms Point Cloud, Key Config, Start-Goal, and Random

conditioning on average. The comparison with Start-Goal shows that environment information is

necessary: conditioning only on the planning query is insufficient when the same start and goal

can require different motions in different environments. The comparison with Point Cloud shows

that providing geometric information alone does not guarantee the best planning behavior, since

the diffusion model must still learn which geometric distinctions are relevant for feasibility. The

comparison with Random is also informative. Random environment codes can sometimes help be-

cause they give the model a way to distinguish environments, but they do not encode how each

environment constrains motion. Anchor signatures provide a more structured conditioning signal

because each bit corresponds to the feasibility response of a diagnostic trajectory probe.

At the same time, the collision-free-rate improvement should not be overstated. The margin

over some baselines is moderate, and Random conditioning performs competitively in some seeds.

This suggests that binary success rate alone does not fully capture the benefit of the proposed

representation. For that reason, the remaining metrics are important for understanding how anchor

conditioning changes the quality of the generated trajectories.
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7.4.3.2 Collision Fraction and Collision Steps

Collision fraction and collision steps measure the severity of constraint violation rather than

only whether a trajectory is completely collision-free. These metrics show a clearer advantage

for Anchor Traj. Compared with the other learned conditioning methods, Anchor Traj produces

trajectories with a smaller fraction of waypoints in collision and fewer collision steps along the

trajectory. This result is important because diffusion-generated trajectories are often used as initial

guesses. A failed trajectory with a small number of colliding waypoints is much closer to feasibility

than a failed trajectory that remains in collision for a large part of its duration. In this sense,

Anchor Traj improves not only the probability of producing a fully feasible sample, but also the

quality of infeasible samples. The generated trajectories are shifted closer to the feasible set, which

should reduce the amount of correction required from a downstream optimizer.

This supports the central motivation for behavioral anchor conditioning. The anchor sig-

nature does not attempt to reconstruct the full scene geometry. Instead, it exposes how the en-

vironment responds to representative motion probes. The resulting code appears to provide the

denoising model with information that is directly relevant to avoiding constraint violations.

7.4.3.3 Worst-Case Clearance

Worst-case clearance provides another measure of trajectory quality. It evaluates the min-

imum clearance along a trajectory, making it sensitive to rare but severe obstacle penetrations.

Negative clearance values indicate penetration into obstacles, so values closer to zero from below

indicate less severe collision when a trajectory is not fully collision-free.

Anchor Traj achieves the best worst-case clearance behavior among the learned conditioning

methods. Both the mean worst-case clearance and the lower-tail clearance improve relative to

Point Cloud, Key Config, Start-Goal, and Random conditioning. The tail metric is particularly

important because it captures severe failure cases. A method that occasionally produces deeply

penetrating trajectories may be difficult for a downstream optimizer to repair, even if its average
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performance appears reasonable.

The clearance results therefore strengthen the conclusion from the collision-fraction metrics.

Anchor conditioning does not merely improve binary feasibility. It also reduces the severity of

the remaining failures. This is the strongest empirical evidence that the proposed representation

provides better trajectory initializations for constrained generation.

7.4.4 Discussion of Results

Overall, the collision-avoidance results support the hypothesis that behaviorally defined envi-

ronment codes can be more useful for trajectory diffusion than purely perceptual or hand-designed

conditioning inputs. Point Cloud conditioning provides direct geometric information, but the model

must learn from data which geometric features matter for feasible motion. Key Config conditioning

provides a more structured representation, but it may not preserve all distinctions that affect the

generated trajectory distribution. Start-Goal conditioning confirms that the planning query alone

is insufficient, and Random conditioning shows that simply assigning different identifiers to envi-

ronments does not consistently capture the structure needed for feasibility. The main advantage

of Anchor Traj is that its conditioning signal is constructed from constraint responses. Each bit

in the signature records whether a selected diagnostic trajectory snippet is feasible in the environ-

ment. As a result, environments are distinguished when they impose different feasibility outcomes

on representative motions. This gives the diffusion model a low-dimensional input that is aligned

with the downstream planning objective.

The most important interpretation of the results is that Anchor Traj produces better initial

guesses. Collision-free rate is useful, but it is a strict binary metric. Collision fraction, collision

steps, and worst-case clearance show how close generated trajectories are to feasibility when they

fail. On these measures, anchor conditioning provides a clearer improvement. This matters because

trajectory diffusion is often used not as a final planner by itself, but as a generator of candidate

trajectories that can be refined, optimized, or checked by a downstream planning system. These

results should be interpreted within the scope of the experiment. The empirical evaluation in
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this chapter validates anchor conditioning for geometric collision avoidance. The formulation is

compatible with other binary constraint oracles, but the experiments here do not yet demonstrate

improved performance for dynamic, torque, contact, or task-specific constraints.

7.5 Discussion

7.5.1 Extension to Other Constraint Oracles

The anchor-conditioning interface is not specific to collision checking. The only requirement

is access to a binary feasibility oracle that evaluates whether a trajectory snippet satisfies the

constraints associated with an environment. In the collision-avoidance experiments above, this

oracle checks geometric validity. However, the same construction could be applied with a different

oracle that incorporates dynamic feasibility, torque limits, contact constraints, or task-specific rules.

Under this broader view, the semantics of the constraint checker may change, but the repre-

sentation interface remains the same. A fixed set of anchors is evaluated in each environment, and

the resulting binary responses form a signature used to condition the trajectory diffusion model.

For example, a geometric oracle would produce a signature indicating which anchor snippets are

collision-free, while a dynamics-aware oracle could produce a signature indicating which snippets

satisfy both collision and torque constraints.

The experiments in this chapter validate the approach only for geometric collision constraints.

Extending the empirical evaluation to richer constraint models remains future work. Nevertheless,

the formulation suggests that diagnostic anchor conditioning can be understood as a general method

for converting arbitrary feasibility queries into compact behavioral environment codes.

7.5.2 Limitations

First, the method assumes access to a constraint oracle that can evaluate anchor snippets

in each environment. In the collision-avoidance setting, this oracle is a collision checker. In other

settings, the oracle may require dynamics simulation, torque computation, contact reasoning, or
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task-level feasibility checks. The usefulness of the method therefore depends on whether these

feasibility queries are cheaper or easier than solving the full planning problem.

Second, the binary signature discards information about the reason and severity of failure. A

snippet that barely violates a clearance threshold and a snippet that deeply penetrates an obstacle

both receive the same infeasible label. This binary abstraction is useful because it provides a simple

and constraint-agnostic interface, but it may lose information that could help the diffusion model

distinguish mild violations from severe ones. Future versions of the method could use multi-valued

or continuous anchor responses, such as clearance, penetration depth, or torque margin.

Third, the representation is limited by the selected anchor set. Two environments with

identical anchor signatures are treated as equivalent by the downstream diffusion model, even if

they differ in ways that are not tested by the selected probes. Increasing the number of anchors

can reduce this ambiguity, but it also increases the dimensionality of the conditioning vector and

the cost of encoding new environments. The quality of the representation therefore depends on

whether the candidate snippets contain probes that expose the constraint variations relevant to the

test environments.

Finally, the chapter argues that better collision fraction and clearance should make generated

trajectories better initializations for downstream optimization. This interpretation is supported by

the fact that Anchor Traj produces trajectories closer to feasibility, but a complete evaluation should

directly measure downstream planner performance, including optimization iterations, repair success

rate, and total planning time.

Behavioral anchor conditioning completes the thesis progression from online feasibility eval-

uation, to reusable kinodynamic motion structure, to learned conditional representations. Unlike

payload or embodiment conditioning, the conditioning signal here is not a hand-selected physical

parameter but a probe-induced signature of how constraints affect motion. The experiments vali-

date this idea for collision-aware trajectory generation, where anchor-conditioned samples are closer

to feasibility than the baselines; extending the same representation to dynamic, torque, contact,

and task-specific oracles remains the next step beyond this thesis.



Chapter 8

Discussion and Future Directions

This thesis expands robotic manipulation beyond geometric reasoning by developing meth-

ods that model and plan over dynamic and non-prehensile interactions, enabling new capabilities

governed by object inertial properties, impulsive contact, and motion-induced forces. Across three

parts—online kinodynamic search, amortized reusable motion structure, and learned conditional

generative models—the work studies where knowledge of dynamic feasibility should reside in a

manipulation system, what form it should take, and how that choice shapes robot motions. Each

part develops a different mechanism for placing constraint knowledge: an online planner that eval-

uates dynamics through simulation, a precomputed graph that amortizes dynamic structure across

queries, and a learned distribution that absorbs feasibility into the generation process itself.

This chapter first revisits the main contributions and then distills the broader lessons that cut

across them. These lessons fall into three classes—constraints and system design, multimodal ca-

pabilities beyond geometric skills, and the scope and limits of statistical learning—each paired with

the open questions it raises for the next generation of dynamics-aware manipulation systems.

8.1 Summary of Contributions and Key Takeaways

8.1.1 Poking as a Complementary Dynamic Manipulation Primitive

Chapter 3 introduced poking as a dynamic, non-prehensile manipulation primitive for object

rearrangement in cluttered environments. Where pushing relies on sustained contact and therefore

couples object displacement to end-effector motion, poking uses brief impulsive contacts to transfer
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momentum to the object. This distinction changes the geometry of the planning problem: a short

robot motion can induce a comparatively large object motion, allowing the planner to reach object

configurations that are inaccessible to pushing or grasping alone.

PokeRRT operationalizes this idea through a closed-loop sampling-based kinodynamic plan-

ner that uses physics simulation as a forward model. Rather than requiring an analytical model of

impulsive contact, the planner samples candidate poking actions, propagates their effects through

simulation, and replans as the observed object state evolves. Across six experimental scenarios, this

approach achieved higher success rates and shorter task completion times than pushing and grasping

baselines, particularly in settings where grasping was geometrically infeasible or sustained-contact

pushing was constrained by clutter and reachability.

The central contribution of this work is not only the poking primitive itself, but the demon-

stration that simulation-in-the-loop kinodynamic planning can expose useful manipulation behav-

iors that are difficult to capture with purely geometric abstractions. Poking illustrates the broader

premise of the thesis: dynamic interaction expands the set of feasible manipulation strategies when

the planner is allowed to reason about state transitions, rather than only static configurations.

8.1.2 Multi-Query Planning via Lazy Edge Bundles

Chapter 4 addressed a practical limitation of simulation-based kinodynamic planning: dy-

namic feasibility is expensive to evaluate repeatedly. In single-query planners, each new problem

typically requires propagating candidate controls, checking collisions, and constructing feasible mo-

tion structure from scratch. This is acceptable for isolated demonstrations, but limits deployment

in settings where a robot must solve many related planning problems in the same workspace.

LazyBoE shifts part of this computation offline by precomputing control-parameterized edge

bundles over discretized state and control spaces. These bundles encode reusable local motion

structure, while lazy propagation and collision checking defer expensive evaluations until they are

needed for a candidate solution. The resulting planner preserves the flexibility of kinodynamic

search while amortizing repeated dynamics computation across queries.
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The broader contribution is a change in how dynamic feasibility is represented. Rather than

treating every planning query as an independent search through continuous dynamics, LazyBoE

stores reusable structure that can be selectively activated at planning time. This makes multi-

query kinodynamic planning more practical and establishes an intermediate point in the thesis arc:

dynamics are no longer only evaluated online through search, but are partially represented, reused,

and amortized across related problems.

8.1.3 Conditional Trajectory Diffusion for Dynamic Constraint Satisfaction

Chapters 5 and 6 shifted from explicit kinodynamic search to learned generative represen-

tations of dynamic feasibility. Rather than constructing a trajectory online through repeated

propagation, collision checking, or constraint evaluation, the approach reframes motion genera-

tion as conditional sampling: a model learns the distribution of trajectories that satisfy dynamic

constraints under specified task conditions, then samples from that distribution at inference time.

The primary instantiation of this idea is payload-conditioned trajectory diffusion. As pay-

load mass increases, the feasible motion set changes because joint torque, acceleration, and inertial

constraints become more restrictive. Instead of enforcing these constraints through runtime check-

ing, the diffusion model conditions directly on payload mass and learns to generate joint-space

trajectories whose positions, velocities, and accelerations are consistent with the corresponding

dynamic limits. The result is near-constant-time trajectory generation for super-nominal payload

manipulation, maintaining workspace accessibility even at three times the robot’s payload capacity.

The case study on failure-induced embodiments demonstrates that the same conditioning

principle extends beyond payload variation. In DEFT, actuation failures are represented as changes

in embodiment, and the diffusion model conditions on the resulting failure configuration when

generating trajectories. This allows a single model to adapt across multiple joint-failure conditions

and motion primitives, treating failure not as an exception requiring a separate controller, but as

another structured input to the generative process.

Together, these results show that dynamic constraints can be encoded implicitly through
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conditioning when the conditioning signal captures the physical factors that shape feasibility. This

marks a conceptual transition in the thesis: dynamic feasibility is no longer evaluated only by a

planner or simulator, but represented as a learned conditional distribution over trajectories.

8.1.4 Behavioral Anchor Conditioning for Task-Agnostic Trajectory Seeding

Chapter 7 extended the generative view of dynamic feasibility to constrained trajectory op-

timization. While trajectory optimization provides a powerful framework for enforcing complex

kinematic and dynamic constraints, its performance depends heavily on initialization. Poor seeds

can cause solvers to converge slowly, become trapped in infeasible regions, or fail entirely, especially

when the feasible set is narrow or shaped by higher-order dynamic constraints.

The proposed approach uses diffusion not as a final trajectory generator, but as an initial-

ization mechanism. Instead of conditioning on a task-specific scalar such as payload mass, an

embodiment descriptor such as a failure configuration, or a perceptual encoding of the scene, the

model conditions on a behavioral signature of the environment: the binary feasibility responses of

a selected set of diagnostic trajectory snippets evaluated under the environment’s constraint ora-

cle. These signatures provide a constraint-agnostic representation of how the environment shapes

feasible motion, collapsing perceptual variation that does not affect planning while preserving the

distinctions that do, and allowing the model to generate trajectory seeds that begin near feasible

regions of the search space.

By translating arbitrary constraints into anchor-signature conditioning, this general inter-

face between learned generation and constrained optimization reduces the amount of task-specific

engineering required to initialize optimization-based planners. In collision-aware trajectory gen-

eration, anchor conditioning produces seeds closer to feasibility than perceptual, hand-designed,

environment-agnostic, and random conditioning baselines, while preserving the ability of the down-

stream optimizer to enforce constraints explicitly.

In the broader arc of the thesis, behavioral anchor conditioning represents the most abstract

representation of dynamic feasibility developed here. Where earlier chapters evaluate dynamics
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online, reuse precomputed motion structure, or learn trajectory distributions conditioned on known

physical parameters, this approach defines the conditioning signal itself by probing the feasible set.

It suggests a general strategy for combining learned priors with optimization: use learning to move

close to the constraint manifold, then use optimization to refine and certify the final motion.

8.2 Lessons and Open Questions

The contributions summarized above use progressively more compute-efficient mechanisms

for motion generation—online kinodynamic search, reusable precomputed motion structure, and

learned conditional generation. Across the thesis, the main lessons fall into three classes. The first

concerns how constraints shape system design. The second concerns the capabilities that dynamic,

non-prehensile interaction unlocks beyond geometric skills. The third concerns the scope and limits

of statistical learning as a representation of dynamic feasibility. Each class is paired below with the

open questions it raises.

8.2.1 Constraints and System Design

A recurring result across the thesis is that kinematic and dynamic feasibility are coupled. A

robot motion may be collision-free, reachable, and valid in configuration space, yet still be infeasible

once timing, actuation, payload, contact, or object dynamics are considered. The same nominal

path can become invalid when the robot carries a heavy object, operates near torque limits, transfers

momentum through impulsive contact, or induces motion in a coupled system such as a liquid-filled

container. Conversely, behaviors that appear unavailable under a purely geometric abstraction may

become feasible when the planner reasons over dynamic state transitions. The results in Chapters 3,

4 and 6 show both sides of this coupling: ignoring dynamics can cause plans to fail, but exploiting

dynamics can expand the set of useful manipulation strategies.

This coupling weakens the standard separation between geometric planning, time parameter-

ization, control, and feasibility checking. That decomposition is effective when dynamic constraints

are mild corrections to an otherwise geometric problem. It is less effective when the dynamic con-
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straint determines the task outcome itself. In poking, the relevant transition is produced by impulse

and object inertia. In liquid transport, the admissibility of a motion depends on motion-induced

fluid response. In super-nominal payload manipulation, feasible trajectories are shaped by torque,

acceleration, and traversal-time limits. In these settings, dynamic feasibility must appear inside

motion generation, either through simulation-in-the-loop search, reusable kinodynamic structure,

learned feasibility models, or conditional generative priors.

This also makes constraint representation a system-level design decision. A binary feasibility

checker, a differentiable constraint, a physics simulator, a precomputed graph, and a dataset of

feasible trajectories all expose different algorithmic interfaces. The choice determines whether the

downstream method can search, optimize, sample, certify, or only reject candidate motions. It

also affects modularity, inference time, retraining requirements, transfer across domains, and the

degree to which feasibility is explicitly enforced or only statistically predicted. Thus, the central

design question is not only which constraints a manipulation system should respect, but where

those constraints should reside and what computational form they should take.

This perspective raises two open questions for future systems. The first is whether tightly

coupled kinodynamic planning can become practical at the scale and reliability now associated with

geometric motion planning. Accelerated collision checking and parallel geometric planning have

changed the cost structure of configuration-space search, but dynamic feasibility has a different

computational profile: it may require simulation, contact propagation, control rollout, and history-

dependent constraint evaluation inside the planning loop. The open question is therefore not only

whether simulation can be made faster, but what planning algorithms are best suited to exploit

parallel dynamic evaluation.

The second open question concerns the role of learning in system design. The results of

this thesis suggest that learning is most useful when it reshapes an interface: selecting constraints,

predicting feasible modes, initializing optimization, estimating dynamic admissibility, or generating

candidate motions that a structured planner can refine. The open question is where learned adap-

tation provides the largest gains, and how structured planners should be designed so that they can
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consume learned information without losing reliability, interpretability, or constraint awareness.

8.2.2 Multimodal Capabilities Beyond Geometric Skills

The contributions in this thesis suggest two motivations for moving beyond purely geometric

manipulation skills. The first is efficiency. Dynamic interactions can sometimes replace slower

geometric solutions even when both are feasible. Poking, throwing, sliding, scooping, and related

behaviors can increase throughput when precise grasping is unnecessary, because they allow the

robot to exploit contact, momentum, and object motion rather than rigidly controlling the object

throughout the entire trajectory. In Chapter 3, for example, poking enables object rearrangement

in clutter by using brief impulsive contacts to produce object motions that would require longer

end-effector motions under sustained pushing or grasping.

The second reason is coverage. Dynamic skills can make tasks feasible that are difficult

or impossible under a purely prehensile or geometric abstraction. Manipulation under high pay-

loads, joint failures, limited grasp access, cluttered reachability, sustained contact, and coupled

robot-object dynamics all require reasoning about more than collision-free motion. The results

in Chapters 3, 4 and 6 show that when the planner or generator accounts for these constraints,

the robot can demonstrate capabilities that would otherwise be excluded from the feasible mo-

tion space. Dynamics are therefore not only a source of modeling difficulty; they are a source of

manipulation capability.

Non-prehensile interaction also changes the precision assumptions built into the task. Pre-

hensile manipulation often aims to reduce uncertainty by fixing the object relative to the robot

hand. Non-prehensile manipulation instead allows the robot to act through brief contacts, sliding

surfaces, cages, impacts, or whole-body interactions. This broadens the design space from precise

object transport to task-level influence over object state. Non-prehensile motion primitives are use-

ful precisely because many tasks do not require exact control over the full object trajectory. They

require the object to reach an acceptable region, move away from clutter, enter a container, cross

a boundary, or become accessible for a later action. In such cases, imprecision is not necessarily an
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error, but structure that the planner can exploit.

This view raises a basic representational question: what should count as a manipulation skill?

Named skills such as grasping, pushing, poking, sliding, caging, throwing, and scooping are useful

because they organize the design of planners and datasets. However, physical interaction does

not always respect these boundaries. A single manipulation episode may transition continuously

between sliding, pulling, caging, reorienting, and grasping as contact modes change. Human ma-

nipulation makes this especially clear: people do not appear to select from a rigid library of atomic

skills, but instead move fluidly across interaction modes as the task demands. The open question

is whether robotic systems should maintain explicit skill libraries, learn broader generative policies

that absorb transitions between skills, or use hybrid representations in which named skills provide

structure while learned models handle the continuous transitions between them.

Dynamic manipulation also makes embodiment harder to ignore. Many data collection and

augmentation methods are effective because they treat the end-effector trajectory as the central

object of learning. This is a reasonable abstraction for many quasi-static prehensile tasks, where

the gripper motion largely determines object motion. It is less sufficient when success depends on

robot inertia, joint limits, actuator bandwidth, compliance, contact timing, whole-body motion, or

momentum transfer. A demonstration that captures only the end-effector path may omit the phys-

ical quantities that made the behavior feasible for the demonstrator. This creates an open question

for robot learning: how should demonstrations represent embodiment when dynamics matter, and

what minimal information about the robot body, actuation limits, and contact conditions must be

preserved for a behavior to transfer across platforms?

8.2.3 Scope and Limits of Statistical Learning

The learning-based chapters of this thesis use diffusion models to represent dynamically fea-

sible motion, but they do not imply that diffusion replaces planning. A more precise interpretation

is that diffusion provides fast candidate motions by learning from prior planning examples. The

model observes feasible trajectories during training and learns recurring patterns in how constraints
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shape motion, allowing it to generate useful trajectory proposals at inference time. These proposals

can then be checked, refined, or optimized by a downstream planning system. This is useful because

repeated feasibility reasoning can be expensive, especially when constraints depend on payloads,

failures, higher-order robot limits, or task-specific dynamic effects. However, the generated motion

is still meaningful only because it is tied to explicit notions of feasibility: the data must contain

feasible behavior, the conditioning variables must describe the relevant physical regime, and down-

stream checking or optimization may still be required. Diffusion is therefore most valuable as a

complement to planning, not as a substitute for it.

This interpretation also clarifies why data design is often the dominant lever. Across the ex-

periments in this thesis, performance depends strongly on the structure of the training distribution:

which payloads are represented, which failure cases are included, how collision avoidance appears

in the demonstrations, whether the trajectories are dynamically feasible, and how augmentation

expands the feasible set. These choices often matter as much as the architecture or the particular

constraint-injection mechanism. For dynamics-aware robot learning, the dataset is not a neutral

input to the model—it is a computational representation of the feasible motion space. A poorly

designed dataset can make a powerful model appear weak, while a carefully structured dataset can

allow a relatively simple model to generate useful constrained motions.

This raises an important question about composition. A strong claim would be that diffusion

models can combine training examples to generate genuinely new constraint-satisfying behaviors.

A more conservative interpretation is that they interpolate effectively within the structure of their

training data, but struggle when asked to invent new strategies outside that support. The distinc-

tion matters because robot manipulation often requires behavior under changed objects, constraints,

payloads, embodiments, and environments. The open question is therefore not whether diffusion

can produce smooth and plausible trajectories, but under what conditions it can compose physical

constraints and motion patterns beyond the dataset that produced it. Answering this question will

require training distributions and evaluation protocols designed specifically to separate interpola-

tion from generalization [38].
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The choice of input representation is part of the same issue. In vision-language-action sys-

tems, much of the computational cost is often concentrated in the visual encoder rather than the

action head. For dynamics-constrained manipulation, this raises a more basic question about what

the policy should consume. RGB images provide broad perceptual generality, but may hide the

geometric, contact, and embodiment information that determines dynamic feasibility. Point clouds,

signed distance fields, object-centric states, constraint descriptors, learned embeddings, and hybrid

geometric-visual representations expose different forms of structure at different computational costs.

The open question is which representation offers the right balance between perceptual flexibility,

efficiency, and awareness of the constraints that actually govern motion.

A related caution is that diffusion models may behave, in some regimes, like powerful con-

ditional lookup tables over the training distribution [38]. If so, then improvements attributed to

increasingly structured representations—from RGB images to point clouds to signed distance fields,

for example—may sometimes reflect better dataset alignment rather than deeper physical reason-

ing. The important question is not whether a representation appears more geometric or more

structured, but whether it measurably improves constraint satisfaction, behavior composition, and

generalization under changed physical conditions. Therefore, learned planners should be tested

not only on in-distribution success, but also on their ability to maintain feasibility when the task,

embodiment, or constraint regime changes.

These limitations suggest a productive role for diffusion inside larger planning systems.

Rather than treating a learned generative model as a complete planner, it may be more useful

to treat it as a local motion generator or proposal mechanism. Some behaviors, such as poking, can

be well captured through simulation-in-the-loop search or explicit kinodynamic reasoning. Others

may be easier to learn from demonstrations. A global planner could sequence across heterogeneous

skills, while diffusion proposes short-horizon motions that satisfy local task, embodiment, and con-

straint conditions. The open question is how to design the interface between these components:

what information should the global planner pass to the learned local model, what guarantees or

feasibility checks should be returned, and how the system should preserve the strengths of both
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structured planning and learned generation.

8.3 Final Synthesis

The broader conclusion of this thesis is that robotic manipulation cannot be fully understood

through a purely geometric view of action. Geometric reasoning remains essential: robots must

still satisfy reachability, collision avoidance, grasp validity, and configuration-space constraints.

However, many of the behaviors that expand manipulation capability are governed by quantities

that geometry alone does not capture. Contact, inertia, timing, actuation limits, payload variation,

fluid motion, and momentum transfer can determine not only whether a motion succeeds, but

what kinds of motions are available in the first place. Dynamic and non-prehensile interactions

are therefore not edge cases at the boundary of manipulation. They expose fundamental questions

about how robotic systems represent feasibility, how skills are defined, how planners and learned

models should interact, and how physical generalization should be evaluated.

The systems developed in this thesis address these questions from several directions. Simulation-

in-the-loop planning shows that dynamic interactions such as poking and whole-body contact can

expose useful behaviors that are difficult to specify geometrically. Reusable kinodynamic structure

shows that dynamic feasibility can be amortized across related planning queries rather than recom-

puted from scratch. Conditional generative models show that learned trajectory distributions can

absorb information about payloads, failures, and constraint manifolds, enabling fast motion gener-

ation when the relevant physical parameters are made explicit. Together, these results suggest that

the next generation of manipulation systems should not treat geometry, timing, contact, dynamics,

and learning as isolated components in a sequential pipeline. They should instead expose these

factors through interfaces that allow planners, optimizers, simulators, and learned models to share

responsibility for kinodynamic feasibility, enabling robots to move more fluidly across the diverse

interaction modes that manipulation in the physical world requires.
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