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Abstract

Contact-rich manipulation tasks in semi-structured and unstructured environments
pose significant challenges for robotic systems, such as in small-batch manufacturing
and open-world scenarios where robots are required to generalise or rapidly adapt
to novel objects, tasks, or scenes with minimal setup or reconfiguration. In such
settings, manually engineered solutions are inherently unscalable, as they necessitate
substantial task-specific design effort and are unable to accommodate the diversity
and variability encountered in real-world conditions.

Model-based planning, such as motion planning and trajectory optimisation,
is often effective when an accurate geometric and dynamics model is available, as
it enables safe motion generation through predictive planning and is well-suited
for explicit constraint handling. However, contact-rich manipulation introduces
discontinuous and hybrid dynamics due to intermittent contact, frictional interac-
tions, and mode switching. These interactions are inherently non-smooth and highly
sensitive to small perturbations, making accurate modelling difficult in practice.
Moreover, these approaches often struggle to find feasible solutions for complex
tasks, particularly in contact-rich manipulation, where large search spaces and
narrow feasible regions make optimisation difficult, while also being computationally
expensive and reliant on carefully designed cost functions that are hard to specify
for intricate contact interactions. As a result, many practical systems instead rely
on robust feedback policies or reusable motion primitives, which can achieve reliable
performance without requiring globally optimal solutions.

Recent advances in generative models offer a promising direction for addressing
these challenges by learning a dynamics model from data or sampling distributions,
thereby facilitating exploration and improving model-based planning. By serving as
learned dynamics models or action sampling distributions, generative models can en-
hance motion planning and trajectory optimisation with data-driven priors, enabling
more efficient planning and reactive decision-making in complex environments. Yet,
learning accurate dynamics models for complex contact-rich manipulation tasks in
the real world remains challenging, due to the need for a large amount of real-world
data and the inherent difficulty of modelling intricate contact interactions.

In contrast, model-free learning approaches, such as model-free reinforcement
learning (RL) and imitation learning (IL), offer complementary strengths: they can
acquire complex manipulation skills directly from data, handle high-dimensional
sensory inputs, such as images or point clouds, and potentially generalise to
unseen objects without explicit modelling. However, they often suffer from sample



inefficiency and safety concerns, particularly in cluttered environments with obsta-
cles. Moreover, IL typically requires a substantial number of high-quality expert
demonstrations, which can be costly and time-consuming to collect.

This thesis develops unified frameworks that combine the complementary
strengths of planning and learning for contact-rich manipulation. The initial
chapters examine how model-based planning, such as motion planning and trajectory
optimisation, can guide and decompose manipulation tasks, improving sample
efficiency and safety while allowing learning-based methods to focus on contact-rich
interaction in unstructured environments. For example, planning can navigate
the robot to desired targets while avoiding obstacles or sample action candidates
that satisfy physical and safety constraints. The focus of the investigation then
moves towards improving model-based methods with learning-based approaches,
particularly the use of generative models, while also emphasising improved data
efficiency and task performance. The thesis subsequently discusses the interplay
between these two themes, highlighting their complementary roles in unifying
planning and learning for contact-rich manipulation.

Across extensive simulation and real-world experiments, these unified approaches
demonstrate significant improvements in sample efficiency, safety, and generalisa-
tion compared to exclusively planning-based or learning-based methods. This
work makes foundational contributions to scalable robot learning for real-world
applications, particularly in domains such as small-batch manufacturing and open-
world environments, where robots must rapidly acquire new skills or generalise

to diverse objects and tasks.
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Introduction

One of the central challenges in robotics is to enable robots to perform contact-rich
manipulation tasks reliably in complex, uncertain, and unstructured environments.
Traditional approaches have relied heavily on manual programming and carefully
engineered systems 13|, which perform well in structured industrial settings but
struggle in dynamic or unstructured environments. As robotics expands beyond
large-scale, tightly controlled factories into unstructured and variable environments,
including home care, supermarkets, and small-batch manufacturing, the need for
adaptable decision-making frameworks becomes increasingly demanding.

In these domains, robots must generalise and adapt to novel objects, tasks, and
environments without extensive reprogramming. Small-batch manufacturing is one
illustrative example: companies require robots that can quickly learn new tasks
and maintain efficiency without the rigid infrastructure of mass production. Similar
challenges arise in service robotics and logistics applications, where environments
are semi-structured at best. In these domains, variability in object properties,
cluttered environments, changing task goals, and partial observability make manual
programming approaches prohibitively time-consuming. Each new configuration
often requires extensive re-tuning or redesign of task-specific motion, which is
impractical at scale. These factors make the reliable execution of complex, contact-

rich manipulation tasks in such environments a fundamental challenge in robotics.
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Improvements in hardware, such as soft robotic end-effectors [4], 5] and tactile
sensing 6], can enhance compliance and improve contact state estimation in contact-
rich manipulation. These advances improve robustness to uncertainty and provide
richer feedback during interaction. However, they do not eliminate the intrinsic
hybrid and frictional dynamics that make contact-rich manipulation fundamentally
challenging. Furthermore, sensing modalities, including vision and force feedback,
determine the extent to which the interaction state can be observed, yet in many
vision-based manipulation systems the physically relevant aspects of interaction
remain only partially observable. In particular, during contact, information about
alignment precision, frictional regime, and contact mode is difficult to observe
directly from visual input alone and may remain ambiguous even when force
feedback is available. As a result, control decisions must be made under substantial
uncertainty regarding the true interaction state.

These challenges have motivated extensive research into alternatives that reduce
reliance on manual programming. One major line of work focuses on model-
based planning, such as motion planning [7-10] and trajectory optimisation [11,
12|, for their ability to simulate sequences of actions or states, anticipate future
outcomes, and heuristically explore the state space. These methods offer clear
advantages when an accurate geometric or dynamics model is available: they enable
predictive foresight, enforce safety constraints, yield interpretable behaviours, and
facilitate collision-free motion of the robot toward desired targets. However, such
model-based approaches often fall short in contact-rich tasks involving uncertain
dynamics, task variability, and partial observability. The high computational burden,
coupled with the difficulty of finding feasible solutions in large search spaces, also
limits their applicability. Moreover, in manipulation scenarios involving friction,
deformation, and intermittent contacts, accurately engineering a dynamics model is
often intractable, significantly limiting the capability of model-based approaches.

To address these limitations, data-driven model-based approaches, including
model-based reinforcement learning (RL) [13-15], have emerged as a compelling

alternative. These approaches learn a dynamics model from data and use it
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to simulate future outcomes for planning or policy optimisation. To learn such
dynamics models from data, generative models [16-18] have been widely employed.
These models are capable of capturing high-dimensional data distributions and have
proven effective at modelling the uncertainty and multimodality inherent in contact-
rich manipulation. Within model-based approaches, generative models primarily
serve two key roles. First, they serve as dynamics models, capable of representing
complex dynamics that cannot be hand-crafted and can therefore be integrated with
planning and policy optimisation. Moreover, by modelling the robot’s kinematics
within a structured latent space, these models support gradient-based motion
planning through optimisation in a compact and differentiable representation [19].
Second, they serve as action samplers, enabling efficient exploration of complex
tasks by generating high-performing candidate trajectories. Collectively, these
roles position generative models as a central component in model-based decision-
making for manipulation tasks. Nevertheless, learning accurate dynamics models
for complex contact-rich manipulation tasks in the real world remains challenging,
as it still requires a large amount of data to capture the variability and intricacies
of complex contact interactions.

In contrast to model-based approaches, model-free RL [20-22] acquires control
policies directly through trial-and-error interaction with the environment, without
requiring explicit modelling of dynamics. This makes it appealing for contact-
rich manipulation tasks, where learning accurate dynamics models from data is
inherently challenging. Driven by rewards, model-free RL enables the policy to solve
various contact-rich manipulation tasks. However, it is typically sample-inefficient,
particularly in tasks with long horizons or sparse reward signals. Moreover,
exploration in semi-structured and unstructured environments, especially those
with obstacles and safety-critical constraints, is challenging, as it requires searching
through narrow feasible regions and entails potential safety risks. These limitations
significantly hinder the scalability and practical deployment of model-free approaches

in real-world settings.
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To mitigate the sample inefficiency and safety risks associated with RL, another
approach is imitation learning (IL) [23-25], which learns a policy from expert
demonstrations rather than relying on trial-and-error interaction. This enables
policies to be trained safely and efficiently, particularly in tasks where autonomous
exploration is unsafe and inefficient. However, IL typically requires a large number
of high-quality demonstrations [26]. As the diversity of tasks, objects, or envi-
ronments increases, collecting a sufficient amount of data becomes increasingly
time-consuming and labour-intensive. Recent advances in Vision Language Action
(VLA) models [27-29] have demonstrated the potential to generalise across diverse
objects, tasks, and scenes by leveraging large-scale robot datasets. Although these
models show promising performance in relatively simple settings, such as clean
tabletop environments, their ability to execute behaviours safely and robustly
remains limited in semi-structured or unstructured environments.

Given these limitations, and to leverage the complementary strengths of planning
and learning, there is growing interest in unified approaches that integrate model-
based planning with data-driven methods. Planning provides powerful tools for
predictive foresight, constraint handling, safety assurance, and navigation to the
target, while learning-based approaches enable skill acquisition for contact-rich
manipulation, dynamics modelling, and the learning of action distributions that offer
data-driven priors, thereby facilitating exploration. To this end, this thesis develops
unified frameworks that combine planning and learning from readily available data
to improve the efficiency, flexibility, safety, and robustness of skill acquisition and
execution in contact-rich manipulation tasks.

In this thesis, contact-rich manipulation refers to low-level manipulation skills
in which task success critically depends on complex and discontinuous contact
interactions and narrow feasible regions, such that purely geometric motion planning
is insufficient and successful execution requires reasoning about contact dynamics
beyond kinematic feasibility. While Chapter 4] and Chapter [ address preparatory
sub-problems, including grasping and motion planning, which constitute crucial

components enabling subsequent contact-rich interaction, the central emphasis lies
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in the contact-rich manipulation phase itself, where hybrid interaction dynamics
and narrow feasible regions necessitate adaptive control.

Within this scope, the thesis explores Theme A: Planning-guided efficient skill
acquisition and Theme B: Improving model-based approaches with generative models.
Collectively, these two themes are closely connected, as improvements in model-based
planning developed in Theme B can be applied within the frameworks of Theme A
to provide more adaptive, efficient, and effective guidance for skill acquisition.

Theme A: Planning-Guided Efficient Skill Acquisition. To address the
limitations of solely planning-based or learning-based methods, this first theme
focuses on unifying model-based planning, such as motion planning and trajectory
optimisation, with data-driven approaches to accelerate skill acquisition for contact-
rich manipulation. The core idea is to guide and decompose the exploration and
execution processes by leveraging the predictive foresight, constraint-handling,
motion-generation, and safe-navigation capabilities of planning, allowing the learnt
policy to focus on the most challenging aspects of manipulation. Importantly, not all
motion needs to be learnt: planning can generate trajectories for obstacle avoidance
and target reaching, while learning-based approaches handle the contact-rich
interaction phases. For example, motion planning can first ensure obstacle avoidance,
after which a learning-based policy addresses the contact-rich manipulation tasks
in cluttered environments. Moreover, model predictive control (MPC) generates
candidate action sequences that satisfy physical and safety constraints, while the
learning-based component, which captures the intricacies of successful manipulation
and enables generalisation to novel objects, evaluates these candidates based on
visual observations. Through this integration, planning provides structural guidance
and safety, while learning extends adaptability and contact-rich control, resulting
in safe, robust, and efficient skill acquisition for complex manipulation tasks in
unstructured settings, even in the presence of obstacles.

Theme B: Improving Model-Based Approaches with Generative Mod-
els. While Theme A demonstrates how planning can guide learning for efficient

skill acquisition and execution, Theme B explores the complementary direction:



1. Introduction 6

improving model-based decision making through generative modelling. Model-based
approaches are often effective when accurate geometric or dynamics models are
known and the manipulation tasks involve relatively simple state spaces that are
easier to explore in search of a solution. However, hand-crafting such models is
often infeasible, and finding solutions in complex, contact-rich domains is further
hindered by high-dimensional state spaces and discontinuous dynamics. To address
these challenges, this thesis focuses on improving model-based decision-making
and task performance through the use of generative models, while enhancing
data efficiency by leveraging readily available datasets, such as simulated or play
data. The generative models can serve as learnt dynamics models for simulating
and optimising policies or planning, and as a learnt action sampler for planning,
enabling effective motion generation in contact-rich scenarios. By learning forward
dynamics from sensory data, these models capture the multimodal and discontinuous
behaviours characteristic of contact interactions. They can also be trained to acquire
informed sampling distributions for trajectory optimisation, guiding search toward
promising regions of the state—action space and improving both efficiency and
performance. These improvements feed back into Theme A by providing data-
driven dynamics models in place of hand-crafted ones, along with more informative
sampling strategies and faster planning capabilities, ultimately improving both skill

acquisition and execution in challenging contact-rich tasks.

1.1 Thesis Outline and Contributions

The following chapter presents background material and related work that establish
the context of this thesis. Since this is an integrated thesis, each subsequent
chapter corresponds to an individual paper. Each of these chapters begins with an
overview of the paper and its key contributions, followed by the main content. After
presenting each paper, we discuss the limitations of the work and propose future
research directions to address these limitations. Note that citations in the main
thesis body refer to the bibliography at the end of the thesis, whereas citations
within individual papers refer to the bibliography at the end of each paper.
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As described in Chapter [T} this thesis explores two key themes. Chapters [3]
[l and [5] demonstrate how to effectively leverage planning to enable efficient skill
acquisition and execution in complex and unstructured scenarios. Chapters [0} [7]
and [§| explore model-based approaches with generative models, including gradient-
based motion planning in a structured latent space, learning forward dynamics
models for manipulation tasks, and leveraging a learnt generative action sampler
to improve trajectory optimisation. Chapter [9] discusses how these two themes are
closely connected, highlighting specific cases where methods developed in one theme
enhance or extend those in the other. The following section provides a summary
of the contributions of each paper that constitutes this thesis.

1.1.1 Efficient Skill Acquisition for Insertion Tasks in Obstructed En-
vironments
In real-world applications, particularly in small-batch settings, robots must acquire
contact-rich manipulation skills for previously unseen objects while maintaining
data efficiency and minimising human intervention, even in obstructed environments.
To operate effectively in such environments, they require robust obstacle avoidance,
flexible goal conditioning, and contact-rich manipulation skills. However, existing
approaches to robot control, such as motion planning and RL, struggle to meet
these requirements.

Motion planning [7-10, 30] offers effective solutions for obstacle avoidance;
however, it is not inherently designed to handle contact-rich manipulation tasks
that require fine-grained interaction with objects. On the other hand, RL [21] 22,
31] excels at acquiring such low-level manipulation skills but often suffers from
sample inefficiency and unsafe exploration, particularly in cluttered environments.

Several previous works [32-34] propose unifying motion planning and RL to
enable robots to solve contact-rich manipulation tasks in obstructed environments.
A key insight of our approach, similar in spirit, is that not all motions need to
be learnt; for improved sample efficiency, motion planning can be used to handle
long-horizon obstacle avoidance and navigation, while RL should be reserved for the

most challenging aspects of the contact-rich manipulation tasks. Prior approaches
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have primarily focused on relatively simple peg-insertion tasks and often rely on
either object-specific classifiers [34] or goal estimators learnt using RL [32], which
limits flexible goal conditioning and adaptation to new objects.

To address these challenges and enable efficient skill acquisition in small-batch
settings, Chapter [3| introduces a system that combines motion planning and an RL
policy, leveraging an object-centric generative model [35] trained on readily available
simulation data for versatile one-shot target object identification. The target object
identified by utilising the object-centric generative model serves as the goal for
motion planning, guiding the robot toward the object while avoiding obstacles, after
which an RL policy is executed to perform the contact-rich insertion task. The RL
policy is trained locally around the target object using wrist-mounted RGB images
and force torque measurements, and requires only a small number of demonstrations
to structure the learning process. The overarching goal of this work is to design
a robotic system that requires minimal human intervention while remaining data
efficient. Although residual RL [36] can potentially achieve similar performance,
it requires specifying and tuning a base policy, thereby introducing additional
task-specific engineering. Instead, we leverage a small number of demonstrations
to bias the policy search toward meaningful behaviours. This preserves a scalable
framework while maintaining strong sample efficiency.

This approach achieves robust insertion performance at any connector position
within the workspace after just one hour of training using sparse rewards. Moreover,
to maximise performance, we introduce a skill transition network that is trained
on a dataset collected in a self-supervised manner, thereby eliminating the need
for human intervention. This model enables seamless connection between motion
planning and RL by moving the robot from the terminal state of the planned
trajectory, which may be out of distribution for the RL policy, to the initiation
set of the policy. Combined with an object-centric generative model, Chapter
demonstrates that integrating motion planning with RL enables safe execution for
contact-rich insertion in obstructed environments, while also supporting versatile

and data-efficient skill acquisition across multiple target objects.
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The contributions of Chapter [3| are the following:

» Proposing a system that combines motion planning with RL for efficient skill
acquisition in obstructed environments, leveraging an object-centric generative

model for versatile one-shot object identification.

o Introducing a transition network that smoothly connects the terminal states
of motion planning to the initiation set of states for the learnt RL policy,

significantly improving the success rate.

o Demonstrating that one-shot object identification using the object-centric
generative model achieves comparable accuracy to heuristic and object-specific

goal identification baselines.

« Showing that the proposed system achieves significantly better performance
in real-world environments compared with baselines, including state-of-the-art

RL algorithms.

1.1.2 Grasp-MPC: Closed-Loop Visual Grasping via Value-Guided
Model Predictive Control

Grasping is a fundamental manipulation skill that underpins a wide range of
downstream tasks, such as insertion and assembly. State-of-the-art approaches are
broadly divided into open-loop and closed-loop methods. Open-loop methods [37-40]
predict 6-DoF grasp poses using models trained on large synthetic datasets [41]
and execute motion planning to reach the target. While effective for novel objects
in cluttered scenes, they are prone to prediction errors and fail to handle moving
targets due to the absence of feedback. Closed-loop methods based on RL [42-44]
or IL [45] |46] enable reactive control with continuous feedback but typically operate
in clean tabletop environments and generalise poorly to novel objects.

To address these issues, Chapter [4] introduces Grasp-MPC, a framework that
integrates motion planning and model predictive control (MPC) with a data-
driven value function to enable safe and generalisable closed-loop visual grasping of

novel objects in cluttered and dynamic environments. Building on the approach
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presented in Chapter [3, which combines motion planning with RL for manipulation
tasks, Grasp-MPC' uses motion planning to guide the robot arm to a pre-grasp
pose predicted by an off-the-shelf grasp pose model [38] while avoiding obstacles.
Instead of an RL policy, Grasp-MPC employs MPC that incorporates a learnt value
function as the cost term for closed-loop visual grasping.

The value function is trained on a large-scale synthetic offline dataset of grasp
trajectories over diverse objects, generated by a motion planner, which includes
both feasible and infeasible grasp attempts, and estimates the likelihood of grasp
success for a given observation. By integrating this cost into MPC along with
constraints such as collision avoidance and motion smoothness, Grasp-MPC' enables
safe and generalisable closed-loop grasping. By unifying model-based planning,
such as motion planning and MPC, with the value function learnt from data,
Chapter [4] demonstrates the acquisition of generalisable, safe, robust, and adaptive
manipulation skills capable of operating in cluttered environments, including
multiple objects on a table or shelf, as well as moving objects.

Overall, Chapter [] presents the following contributions:

o Introducing Grasp-MPC, a safe closed-loop 6-DoF grasping policy that

generalises effectively to novel objects in cluttered environments.

« Integrating a vision-based grasp value function, trained on large-scale synthetic

grasping trajectories, as a cost function within MPC for generalisable grasping.
» Generating a large-scale synthetic grasp trajectory dataset.

o Demonstrating generalisation to novel objects in cluttered scenes and achieving
substantial improvements over open- and closed-loop baselines on Fetch-

Bench [46] and in real-world environments.
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1.1.3 COMBO-Grasp: Learning Constraint-Based Manipulation for
Bimanual Occluded Grasping

Whilst Chapter 8]and Chapter [4] focus on efficient skill acquisition using a single arm
by unifying planning and data-driven approaches, Chapter [5| introduces COMBO-
Grasp, a framework that extends these principles to dual-arm coordination for
occluded grasping scenarios. Occluded grasping refers to situations in which the
desired grasp poses are kinematically infeasible due to environmental constraints,
such as collisions with the table surface. Training an RL policy to control both arms
for bimanual occluded grasping tasks is highly sample-inefficient and often struggles
to find feasible solutions due to the increased dimensionality and complexity of
coordination. Similarly, collecting expert demonstrations for such challenging
non-prehensile manipulation tasks is time-consuming and costly.

To overcome these, COMBO-Grasp draws inspiration from human bimanual
manipulation strategies [47-49] to coordinate two arms to stabilise and reorient
the object, thereby resolving such occlusions. COMBO-Grasp consists of two
coordinated policies: a constraint and a grasping policy. The constraint policy,
trained on synthetic data collected in a self-supervised manner, generates a constraint
pose to stabilise the target object, with the predicted pose subsequently used as
the target for motion planning. On the other hand, the grasping policy, trained
using RL in a simulated environment, reorients and grasps the target object by
utilising the constraint arm. During RL training, the constraint policy generates a
pose for the constraint arm at the beginning of each episode, which is then held
fixed for the duration of the episode, while the grasping policy learns to control
the other arm to solve the occluded grasping task by leveraging this constraint. To
improve coordination, COMBO-Grasp introduces value-guided policy coordination,
which guides the constraint policy to generate the stabilisation pose to maximise
the performance of the grasping policy, inspired by classifier guidance [50] for a
diffusion model [51]. This coordinated design, which integrates motion planning
with an RL policy, simplifies the task, narrows the RL exploration space, accelerates

training, and facilitates effective sim-to-real transfer. Both policies are trained with
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privileged information for diverse objects in simulation with domain randomisation
and are distilled into vision-based policies for deployment in real-world environments.
By decoupling the complex bimanual occluded grasping task into two coordinated
policies and leveraging motion planning to control one arm for object stabilisation
and support, Chapter [5| demonstrates that this approach accelerates sample-efficient
skill acquisition and achieves robust skill execution in real-world environments.

In summary, COMBO-Grasp makes the following key contributions.

e Presenting COMBO-Grasp, a novel bimanual manipulation approach in which
the constraint policy predicts a target pose for motion planning that stabilises
the object, while the grasping policy controls the other arm to solve occluded

grasping problems by utilising the constraint.

» Leveraging force closure as a supervisory signal to collect constraint poses in
a self-supervised manner, and training a constraint policy that accelerates RL

training of the grasping policy.

o Introducing value-guided policy coordination that refines generated constraint
poses using gradients from the value function associated with the grasping

policy, thereby improving bimanual coordination.

o Conducting extensive evaluations of COMBO-Grasp in both simulated and

real-world environments, demonstrating successful grasps on novel objects.

1.1.4 Leveraging Scene Embeddings for Gradient-Based Motion Plan-
ning in Latent Space
While Chapters [3| [, and [5] focus on planning-guided skill acquisition by unifying
planning with learning-based approaches, Chapter [6 shifts focus towards improving
model-based planning, particularly motion planning, by leveraging generative
models trained on readily available data. Specifically, Chapter [6] introduces
AMP-LS, a gradient-based motion planning method that operates effectively in a
learnt structured latent space to improve both planning speed and adaptability

in complex environments.
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Motion planners such as RRT [7], 8, 130] and PRM [9, 10] are widely used due
to their reliability and well-understood properties. However, they face significant
challenges in complex environments with obstacles and in dynamic settings, where
planning becomes prohibitively slow and less adaptable. Recent learning-based
approaches [52-54] have shown promise in improving planning speed, but they
typically rely on large-scale expert demonstrations collected using geometric expert
planners, which limits their flexibility and generalisability due to the costly data
collection process.

Latent Space Path Planning (LSPP) [19] addresses some of these limitations by
learning a structured latent space from kinematically valid static robot states, readily
collected in simulation. Specifically, a variational autoencoder (VAE) |16} [17] is
trained to reconstruct joint states and end-effector poses, and optimises trajectories
in the latent space by minimising both the distance between the current and desired
end-effector poses and the collision probability estimated by a learnt collision
classifier. However, the collision classifier in LSPP relies on low-dimensional object
states and supports only primitive-shaped obstacles, which restricts its applicability
in complex real-world environments.

To address this limitation, AMP-LS substantially extends LSPP by introducing
a collision predictor trained on point clouds from diverse, synthetically generated
cluttered scenes in simulation, and by incorporating explicit collision checking during
trajectory generation. Similar to LSPP, AMP-LS performs gradient-based motion
planning by jointly minimising the predicted collision probability and the distance
between the current and desired end-effector poses, backpropagating gradients
through both the collision predictor and the VAE decoder. Moreover, AMP-LS
performs explicit collision checking by interpolating between the current and the
next desired states. These allow AMP-LS to generate safe and reactive collision-
free motions in novel environments with diverse and complex object geometries,
including dynamic obstacles. Chapter [6] demonstrates how generative models trained

on readily available data can improve motion planning by learning a structured
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latent space for gradient-based optimisation with a vision-based collision predictor,
enhancing efficiency and adaptability in complex environments.

In summary, AMP-LS makes the following four contributions.

o Extending LSPP significantly by incorporating a vision-based collision predic-
tor trained on diverse synthetic cluttered scenes, along with an explicit collision
checking mechanism, into gradient-based motion planning within a learnt

latent space, enabling real-time obstacle avoidance in complex environments.

o Generating collision-free trajectories with success rates comparable to tra-
ditional planning baselines, and substantially reducing planning time in

simulation.
e Demonstrating zero-shot transfer to unseen real-world scenes.

o Enabling closed-loop reactive planning, allowing the system to reach moving

targets while avoiding dynamic obstacles.

1.1.5 TWIST: Teacher-Student World Model Distillation for Efficient
Sim-to-Real Transfer

Chapter [7] introduces TWIST, a sim-to-real transfer framework for model-based
RL that transfers both a policy and a world model, which is trained using a
generative model, from simulation to real-world environments. In contrast to
Chapter [0, which learns a structured latent space from kinematically feasible static
joint configurations, a form of dynamics model suitable only for kinematic planning,
Chapter [7| focuses on learning a world model [55] from robot trajectories, including
actions, using a generative model.

Unlike most prior work [13, |14], which primarily focuses on evaluation in
simulation |13-15] or assumes access to large-scale offline datasets [56] for training,
TWIST targets practical scenarios where such data are not accessible and instead
leverages simulated data that can be readily obtained. To achieve sim-to-real
transfer, domain randomisation [57] is commonly used to randomise physical and

visual properties during simulation training, ensuring that the real-world domain lies
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within the training distribution. However, naively applying domain randomisation
to train a world model has been shown to be highly sample-inefficient [5§].

To overcome this, TWIST employs a teacher—student distillation framework [59],
where a world model is first trained using low-dimensional state observations in
simulation under domain randomisation, in parallel with policy learning on the
world model. This stage builds upon Dreamer [13] |60], which similarly trains a
policy using compact latent representation in the world model. Subsequently, the
state-based world model is distilled into a vision-based world model conditioned on
domain-randomised visual observations, facilitating effective sim-to-real transfer. To
perform the teacher-student distillation, TWIST exploits the generative modelling
capabilities to generate imagined trajectories from both the teacher and student
models. Given an initial state, the teacher world model generates a synthetic
trajectory by rolling out the policy. The identical action sequence is then executed
from the same starting state in the student world model, generating a corresponding
trajectory in its compact latent representation space. The student model is then
optimised to match its latent representations to those of the teacher, thereby aligning
the predictive behaviours of the two models in latent space. The resulting policy
and student world model are successfully transferred to real-world environments for
contact-rich manipulation tasks, outperforming competitive baselines by a significant
margin. Chapter [7] exemplifies how generative models can be leveraged not only
for learning a forward dynamics model in simulation but also for enabling efficient
sim-to-real transfer through teacher—student distillation, thereby enhancing their
effectiveness for real-world applications. This approach significantly improves data
efficiency, as it eliminates the need for large amounts of real-world interaction data.

In summary, Chapter [7| presents the following key contributions.
o Proposing TWIST, a framework for sim-to-real transfer in model-based RL.

» Introducing distillation in imagination that aligns the student’s latent repre-
sentations with those of the teacher using imagined rollouts generated by the

models for effective sim-to-real transfer.
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o Enabling robust and sample-efficient sim-to-real transfer of model-based
RL, substantially outperforming model-based RL trained with naive domain
randomisation and a model-free approach designed for efficient sim-to-real

transfer in real-world robotic manipulation tasks.

1.1.6 D-Cubed: Latent Diffusion Trajectory Optimisation for Dexterous
Deformable Manipulation

Chapter [8 presents D-Clubed, a novel learning-based trajectory optimisation frame-
work that addresses the challenges of trajectory optimisation for dexterous de-
formable object manipulation. Unlike Chapter [6] and Chapter [7, which focus on
learning dynamics models using generative models, D-Cubed assumes access to a
dynamics model and instead focuses on improving planning by learning an informed
action distribution through diffusion-based generative modelling 18], trained on
a readily available task-agnostic play dataset.

Manipulating deformable objects using a dexterous robot hand is inherently
complex due to their infinite dimensionality, the numerous contacts involved, and the
high degrees of freedom in dexterous robot hands. These factors make both model-
based trajectory optimisation and RL challenging: trajectory optimisation struggles
with hard exploration despite being effective for novel goals, such as a desired
deformable object shape, while RL additionally suffers from poor generalisation
and significant sample inefficiency. D-Cubed addresses the key limitation of such
model-based trajectory optimisation by learning an action sampler using a latent
diffusion model (LDM) [61], trained on a task-agnostic play dataset readily collected
with a human hand. Since this dataset does not involve any interaction with objects,
it can be collected efficiently and is far easier to obtain than collecting expert
demonstrations for each individual task. Moreover, D-Cubed introduces gradient-
free guided sampling applied to the LDM, a novel trajectory optimisation method
that more effectively utilises the action sequences generated by the diffusion model.

D-Cubed first trains a skill-latent space using VAE [17] that encodes short-
horizon action sequences from the play dataset and reconstructs them. Subsequently,

an LDM is trained in this learnt skill-latent space to compose long-horizon skill
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trajectories, capturing diverse and meaningful hand motions, and serving as an action
sampler that generates long-horizon action sequences for trajectory optimisation. To
generate a high-performing trajectory for a target task, D-Cubed introduces a novel
gradient-free guided sampling approach that employs the Cross-Entropy Method
(CEM) [11] within the reverse diffusion process. This allows D-Cubed to efficiently
search the high-dimensional state space and find a high-performing action sequence
that manipulates the deformable object to match the desired shape throughout
the reverse diffusion process. The resulting framework enables generalisable goal-
directed planning for deformable object manipulation without requiring task-specific
demonstrations. Chapter |8 highlights the utility of generative models as an action
sampler that can guide model-based planning frameworks. This illustrates a broader
potential for integrating generative modelling into model-based planning to enhance
exploration and optimisation in complex contact-rich manipulation tasks.

In summary, Chapter [8| presents the following contributions.

o Introducing D-Cubed, a trajectory optimisation framework based on latent
diffusion models designed to solve dexterous deformable object manipulation

tasks.

» Proposing a novel gradient-free guided sampling method that integrates CEM

into the reverse diffusion process for effective trajectory optimisation.

o Demonstrating that D-Cubed significantly outperforms competitive baselines,
including state-of-the-art RL methods, as well as gradient-based and sampling-

based trajectory optimisation approaches.

1.2 Publication List

The publications |[62-67] that constitute this integrated thesis are presented below.

o Chapter [} Jun Yamada, Jack Collins, Ingmar Posner. Efficient Skill
Acquisition for Insertion Tasks in Obstructed Environments, 6th Annual

Learning for Dynamics & Control Conference (L4DC), 2024.
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o Chapter |4} Jun Yamada, Adithyavairavan Murali, Ajay Mandlekar, Clemens
Eppner, Ingmar Posner, Balakumar Sundaralingam. Grasp-MPC: Closed-
Loop Visual Grasping via Value-Guided Model Predictive Control, IEEE
International Conference on Robotics and Automation (ICRA), 2026.

« Chapter )} Jun Yamada, Alexander L Mitchell, Jack Collins, Ingmar Posner.
COMBO-Grasp: Learning Constraint-Based Manipulation for Bimanual
Occluded Grasping, Conference on Robot Learning (CoRL), 2025.

o Chapter [} Jun Yamada*, Chia-Man Hung*, Jack Collins, loannis Havoutis,
Ingmar Posner. Leveraging Scene Embeddings for Gradient-Based Motion
Planning in Latent Space, IEEE International Conference on Robotics and

Automation (ICRA), 2023.

o Chapter[} Jun Yamada, Marc Rigter, Jack Collins, Ingmar Posner. TWIST:
Teacher-Student World Model Distillation for Efficient Sim-to-Real Transfer,
IEEE International Conference on Robotics and Automation (ICRA), 2024.

o Chapter [§; Jun Yamada, Shaohong Zhong, Jack Collins, Ingmar Posner:
D-Cubed: Latent Diffusion Trajectory Optimisation for Dexterous Deformable
Manipulation, Conference on Robot Learning (CoRL), 2025.

Additional publications to which I have contributed during the DPhil, but which
fall outside the scope of this thesis, are listed below [27, 37, 68-71].

e Marc Rigter, Jun Yamada, Ingmar Posner. World Models via Policy-Guided
Trajectory Diffusion, Transactions on Machine Learning Research (TMLR).

o Oiwi Parker Jones, Alexander L. Mitchell, Jun Yamada, Wolfgang Merkt,
Mathieu Geisert, loannis Havoutis, Ingmar Posner. Oscillating latent dynamics

in robot systems during walking and reaching, Scientific Reports.

o Jack Collins*, Mark Robson*, Jun Yamada*, Mohan Sridharan, Karol Janik,
Ingmar Posner. RAMP: A Benchmark for Evaluating Robotic Assembly
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Manipulation and Planning, IEEE Robotics and Automation Letters (RA-L),
2023.

o Adithyavairavan Murali, Balakumar Sundaralingam, Yu-Wei Chao, Wentao
Yuan, Jun Yamada, Mark Carlson, Fabio Ramos, Stan Birchfield, Dieter
Fox, Clemens Eppner, GraspGen: A Diffusion-based Framework for 6-DOF
Grasping with On-Generator Training, IEEE International Conference on

Robotics and Automation (ICRA), 2026.

o Kento Kawaharazuka, Jihoon Oh, Jun Yamada, Ingmar Posner, Yuke Zhu,
Vision-Language-Action Models for Robotics: A Review Towards Real-World
Applications, IEEE Access, 2025.

* denotes equal contribution.



Background and Related Work

This chapter presents background material and a review of related work relevant to
the central themes of this thesis. Section discusses model-based planning, such as
motion planning and trajectory optimisation, which provide the basis for predictive
decision-making and enable explicit constraint handling to ensure safety, thereby
motivating their integration with learning-based methods. Section reviews
learning-based approaches for robotic manipulation, particularly reinforcement
learning (RL), and imitation learning (IL), which provide the foundation for data-
driven skill acquisition in later chapters. Section introduces generative models,
whose ability to capture complex dynamics and structured representations underpins
Theme B, which aims to improve model-based decision making using generative
models. Finally, Section surveys prior work that unifies planning and learning,

highlighting approaches most directly related to this thesis’s contributions.

2.1 Model-based Planning

Model-based planning utilises a model of system dynamics or kinematics to generate
trajectories or control sequences that optimise a specified objective under physical
and task constraints. Such approaches include motion planning and trajectory
optimisation, which enable predictive decision-making and constraint handling,
critical for ensuring safety and robustness in robot manipulation. This section

provides key methods in model-based planning, beginning with motion planning,

20
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which focuses on computing feasible paths in configuration space, followed by

trajectory optimisation for receding-horizon control that enables online adaptation.
2.1.1 Motion Planning

Motion planning [8, 9} |30}, [72-74], which plans a collision-free trajectory from the
current robot joint state to a goal joint or end-effector pose, is a fundamental
technique for controlling robots. Motion planning is crucial in applications involving
manipulation tasks in obstructed environments; for example, when a robot assembles
a table, it must reach a table leg to grasp it while avoiding the other table legs.
Motion planning is broadly categorised into sampling-based and optimisation-
based methods.

Sampling-based motion planning. Sampling-based motion planners such as
RRT [7, |8, 30] incrementally build trees by extending toward randomly sampled
configurations. In contrast, PRM-based approaches |9, |10] first sample configurations
in the free space and then construct a roadmap by connecting each configuration to
nearby neighbours within a specified radius, provided the connections are collision-
free. Subsequent work seeks to improve convergence efficiency and solution quality.
BIT [74] integrates heuristic-guided search with batch sampling to concentrate
computation on promising regions of the state space. AIT [75] further extends this
idea by estimating problem-specific heuristics adaptively through an asymmetric
bidirectional search, achieving both rapid initial solutions and convergence to
optimal paths over time. By contrast, earlier methods such as RRT-Connect [7]
prioritise speed but lack asymptotic optimality.

Despite their success in many real-world applications, these planners face
challenges in environments with dense clutter, where computationally expensive
collision checking can result in longer runtimes. More crucially, these approaches
struggle in dynamic environments, where changes in obstacle locations, object
configurations, or other aspects of the environment typically necessitate complete
re-planning. Anytime planning methods [76, [77] address this limitation by incre-

mentally repairing existing solutions, but still exhibit slow runtimes in cluttered
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or frequently changing environments. To improve planning speed, CuRobo [7§]
introduces a GPU-accelerated motion planner that significantly improves planning
speed by parallelising collision checking and trajectory optimisation, making it
suitable for real-time applications and large-scale motion planning problems.

In this thesis, RRT-Connect is employed in the approaches presented in Chapter 3]
and Chapter 5] Moreover, Grasp-MPC leverages CuRobo to efficiently control
the robot arm to a pre-grasp pose.

Optimisation-based motion planning. Optimisation-based motion planning,
such as Covariant Hamiltonian optimisation for motion planning (CHOMP) [79],
Stochastic Trajectory Optimisation for Motion Planning (STOMP) [80], and
Trajectory Optimisation for Motion Planning (TrajOpt) [81], represents another
major class of motion planning methods that formulate trajectory generation as
a continuous optimisation problem. CHOMP uses functional gradient descent to
generate smooth, collision-free motions by minimising a cost composed of obstacle
and smoothness terms. STOMP employs stochastic trajectory optimisation but
does not require gradients, thereby incorporating non-differentiable cost terms.
TrajOpt formulates a non-convex trajectory optimisation problem as sequential
convex optimisation, achieving fast convergence while handling constraints such
as joint limits and continuous-time collision checking. While these methods are
capable of producing high-quality trajectories in cluttered environments, they are
sensitive to initialisation and often struggle with local minima, particularly in

high-dimensional or non-convex spaces.

2.1.2 Trajectory Optimisation for Receding-Horizon Control

In contrast to geometric motion planning methods, which compute complete
trajectories prior to execution, receding-horizon control, commonly instantiated as
Model Predictive Control (MPC), often optimises a short-horizon trajectory at each
control step and applies only the first action. This enables online adaptation to
dynamic environments and model uncertainty, making it well-suited for manipulation

tasks in real-world settings.
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Within this framework, trajectory optimisation methods, both sampling-based
and gradient-based, are widely employed to generate action sequences using a known
dynamics model. While these methods have demonstrated effectiveness across a
range of tasks [82-85], they face significant challenges in contact-rich manipulation,
where accurately modelling contact dynamics, handling the non-smooth nature
of contact interactions, and designing task-specific cost functions are challenging.
Moreover, cost functions in these settings are frequently sparse, poorly shaped, or
misaligned with task objectives, which hinders the optimiser’s ability to converge
to high-quality solutions. These issues are further exacerbated in high-dimensional
state-action spaces, such as those encountered in dexterous or deformable object
manipulation, where the search space becomes prohibitively large. In Chapter [7]
TWIST focuses on learning a dynamics model, whereas Chapter [§] addresses the
challenge of finding high-performing solutions for complex dexterous deformable
manipulation tasks given a cost function that provides limited task information.
Furthermore, Grasp-MPC, presented in Chapter [d] learns a value function and
employs it as the cost for grasping, rather than relying on a geometric cost such as

the distance to a desired grasp pose, which is often noisy in real-world environments.

Sampling-Based Approaches. Sampling-based methods evaluate a set of control
sequences through a dynamics model and select the trajectory that minimises a
predefined cost function. A widely used class of such methods includes the Cross-
Entropy Method (CEM) [11] and Model Predictive Path Integral (MPPI) [12],
both of which optimise a sequence of control actions by iteratively refining a
sampling distribution.

CEM maintains a time-indexed parametric Gaussian distribution over control
inputs, ¢(upsr_1) = [I57 " M (uy; iy, B,), and repeatedly samples K trajectories,
evaluates their total costs, and updates the distribution parameters toward the sam-

ples with lower costs. At iteration ¢, CEM draws control sequences {uﬁﬁLT_l}szl ~

g, rolls out dynamics x(ﬂl = f(x® u®) and computes trajectory costs

T T

c® = > c(xsk), u(Tk)) + CT<X§§_)T>. (2.1)



2. Background and Related Work 24

Let £ denote the indices of the M elite trajectories with the lowest costs. The

distribution is then updated via maximum-likelihood estimation on elites:

1 1 T
— (k) (k) _ (k) _
et 57 kgeg ul, 3, i kgeg (uT uT) (uT y,T) : (2.2)
for m=1t,...,t+ T — 1. This iterative process concentrates sampling in promising

regions of the control space, but typically requires a large number of rollouts to
converge, particularly in high-dimensional tasks.

MPPI [12], on the other hand, performs a single round of weighted averaging over
sampled trajectories, providing a more efficient alternative suitable for real-time con-
trol. Formally, at time ¢, MPPI maintains a nominal control sequence {u;,7_1} and
draws K noise sequences {e,ﬁﬁ)ﬁLT_l}szl with €) ~ A/(0,X). Rollouts are generated

via the dynamics Xﬁl =f (XS’“), u, + egk)), and each trajectory incurs cost

t+T—1
ch =% c(xgk), u, + e(Tk)) + cT(XEi)T> : (2.3)
T=t

Then, importance weights are computed as
_ Lo 5 = Ok
w = exp|—=C" ), Wy = —— (2.4)
A j=1Wj
with temperature A\ > 0. The control update is the weighted average of the
exploration noise:
K
u, —u, + Y wp el r=t,..  t+T—1, (2.5)
k=1
after which the first control u; is applied and the horizon is shifted forward.

To enable real-time deployment for robot manipulation tasks, CuRobo [7§]
presents a GPU-accelerated implementation of MPPI, significantly improving
computational efficiency and making MPC feasible for real-world robotic appli-
cations. In CuRobo, given a robot dynamics model, MPPI samples sequences
of joint accelerations u € R? as actions and integrates them forward to obtain
the corresponding joint velocities and positions. We employ a kinematic model

in joint space. The robot state is defined as

x =[0,0,0] € R*.
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At each optimisation iteration, the state across the horizon is computed in
a fully batched manner by integrating the sampled control sequences from the

current robot state
Xinit — [einita Ot Oinit]-

Following the formulation in CuRobo, the integration is implemented as

© =u, (2.6)
© = Oyt + S¢(1) diag(dt) ©, (2.7)
O = ;¢ + S¢(1) diag(dt) 67 (2.8)

where Sy(1) denotes a strictly lower triangular matrix of ones and dt contains the
timestep durations across the planning horizon. This formulation realises cumulative
Euler integration in tensor form, enabling efficient parallel rollout over both the
batch dimension and the planning horizon. This first-order integration assumes
accelerations are constant within each interval and provides a computationally
efficient approximation suitable for real-time sampling-based optimisation.

The optimisation is performed subject to constraints, including (1) joint limits on
position, velocity, acceleration, and jerk; (2) self-collision avoidance; and (3) robot—
world collision avoidance. For real-world deployment, particularly in Grasp MPC
presented in Chapter [4] acceleration commands are not executed directly. Instead,
a proportional-derivative controller tracks desired joint positions and velocities
and outputs target joint velocity commands.

These sampling-based methods are well-suited for high-dimensional control tasks
and exhibit robustness to non-convex objectives and discontinuities. However, these
approaches still struggle with contact-rich manipulation tasks due to insufficient
exploration and the difficulty of defining suitable task-specific cost functions.

In this thesis, D-Cubed, presented in Chapter [§] demonstrates that learning a
sampling distribution over control inputs using a latent diffusion model enables
effective exploration of high-dimensional state spaces and introduces a mnovel

sampling-based trajectory optimisation method that integrates the CEM into the
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reverse diffusion process for dexterous deformable manipulation tasks. Moreover,
Grasp-MPC, presented in Chapter 4] integrates CuRobo’s MPPI with a value
function learnt from offline data, which serves as a cost function. This enables
the robot to grasp novel objects in cluttered environments by leveraging both

model-based control and generalisable vision-based cost function trained from data.

Gradient-Based Approaches. Gradient-based trajectory optimisation meth-
ods formulate control as a constrained optimisation problem and solve it using
iterative updates based on gradient information. Established methods, such as
the iterative Linear Quadratic Regulator (iLQR) [86] and Differential Dynamic
Programming (DDP) [87], linearise system dynamics and approximate the cost
function quadratically around a nominal trajectory, enabling efficient trajectory
updates through backwards passes. These methods have been extensively studied
in robotics and applied to tasks such as locomotion and, to a more limited extent,
manipulation, where they generate dynamically feasible trajectories within control
limits and contact constraints. Such frameworks are attractive for their sample
efficiency and rapid convergence, particularly when accurate and differentiable
dynamics models are available. However, they are sensitive to initialisation and
typically assume smooth cost and dynamics functions.

More recently, gradient-based optimisation has been extended through the use
of differentiable physics simulators [88491], which allow the direct computation
of trajectory gradients through full physical simulation, including contact-rich
and discontinuous dynamics. While these tools broaden the applicability of
gradient-based methods to manipulation scenarios, they remain computationally
intensive and are often sensitive to simulator stability. In addition, gradients
computed from differentiable simulators are often noisy and unreliable [92], making

optimisation challenging, as observed in the baseline experiments presented in

D-Cubed (see Chapter [§).
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2.2 Robot Learning for Manipulation Tasks

Robot manipulation is often modelled within the Markov Decision Process framework
when formulated as a sequential decision making problem, particularly in learning
based approaches. The MDP abstraction provides a unified representation of state
transitions, actions, and rewards. However, robot manipulation has traditionally
been studied through motion planning, trajectory optimisation, and feedback
control, where dynamics, constraints, and stability are treated explicitly. In many
manipulation settings, contact dynamics and feasibility considerations are central
and cannot be reduced solely to reward specification. In this thesis, we adopt the
MDP formulation as a convenient and expressive framework for integrating learning
and planning, while recognising that it represents one of several complementary
perspectives on robotic manipulation.

An MDP is defined by the tuple (S, A, p,r,7), where S is the state space, A the
action space, p(s;+1 | S, a¢) the transition dynamics, r(s;, a;) the reward function,
and v € [0, 1] the discount factor. At each timestep ¢, the policy observes a state
s; € S, selects an action a; € A, receives a reward r(s;, a;), and transitions to the
next state s;y1 ~ p(- | s, a;). In many real-world robotic settings, the full state s,
is not directly observable due to sensor noise or occlusions. These scenarios are
formalised as partially observable MDPs (POMDPs), in which the policy receives
observations o; from an observation model p(o; | s;) and selects actions based on
these observations. The objective is to learn a policy 7(a; | 0;) that maximises
the expected cumulative return E, [>7°, 77 (ss, ar)].

Prior work has addressed the challenges of contact-rich manipulation through
both analytical and algorithmic approaches. For example, compliance control |1,
93-95] compensates for position uncertainty by adjusting the robot’s response to
contact forces. Moreover, spiral search [2], 3] systematically probes the environment
to identify task-relevant contact configurations when exact state information is
unavailable. While effective in such tightly controlled settings, these methods

typically rely on manually designed strategies and strong assumptions about object
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geometry, contact dynamics, or environmental structure, which restricts their
applicability in more variable or unstructured scenarios. In contrast, learning-based
approaches offer greater generalisation, adaptability, and dexterity, making them
particularly suitable for unstructured or uncertain environments. Thus, recent
work has increasingly explored RL and IL to acquire adaptive and generalisable
contact-rich manipulation skills. To this end, this section provides an overview of

learning-based approaches for robot manipulation tasks.

2.2.1 Model-free Reinforcement Learning

Deep reinforcement learning (RL) [21, 96, 97] has shown remarkable results in
controlling a robot for complex manipulation tasks. To mitigate manual engineering
by users with domain-specific knowledge [98] for real-world robotic applications,
deep RL enables a robot to autonomously acquire skills given a reward function.
Driven by rewards, model-free RL [21, 131, 97, 99] enables robots to perform diverse
manipulation tasks, including grasping [43] |100, [101], picking and placing [102], and
insertion 103} 104], through interaction with the environment without explicitly
modelling the dynamics.

Model-free RL methods are broadly categorised into on-policy [31} |105] and
off-policy [21} [22] approaches. In on-policy RL, the policy is updated using data
collected from the same policy currently being optimised. As a result, data generated
by earlier versions of the policy cannot be reused, leading to poor sample efficiency.
Despite this limitation, on-policy methods tend to offer more stable policy updates,
as the data distribution is closely aligned with the target policy.

Proximal Policy Optimisation (PPO) [31] exemplifies such methods, where
the objective is to maximise a clipped surrogate function that constrains large
policy updates:

o (at|st>
7Tc>lzi(211t|5t)

Yy’ (at |St)

PPO(9) = E[min
L777(0) = E[min( Tora(a¢|s)

Ay, clip( 1—e1+e)A) (2.9)

where A, is the advantage estimate computed using Generalised Advantage Estima-

tion [106]. While PPO is typically sample-inefficient, it can achieve effective learning
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within shorter wall-clock time when trained in parallelised simulation environments
such as IsaacSim [107], due to the rapid collection of on-policy experience. COMBO-
Grasp, introduced in Chapter [B] employs PPO to train a policy in IsaacSim.

On the other hand, off-policy RL such as Soft Actor-Critic (SAC) [21] and
Twin Delayed Deep Deterministic Policy Gradient (TD3) [22] updates the policy
using data generated by a behaviour policy that is distinct from the current policy
being optimised. The collected transitions are stored in a replay buffer, from which
mini-batches are sampled to update both the actor and critic networks.

In particular, SAC maximises a stochastic objective that augments the expected

return with an entropy regulariser to encourage exploration:
J(1) = Esy ) pe (81, 21) + aH(m(]s1))] (2.10)

where H(m(:|s;)) = —Ea,~x[logm(a;|s;)] represents the policy entropy and « controls
the trade-off between exploitation and exploration.

In contrast to on-policy methods, off-policy RL is generally more sample-efficient
as it enables extensive reuse of past experiences. Therefore, off-policy RL [62,
104}, 1108, |109] is well-suited for training policies in real-world environments. The
approach presented in Chapter [3| utilises SAC to leverage these advantages and train
a policy in real-world environments. However, this comes at the cost of potential
instability, due to the distributional mismatch between the behaviour policy and
the target policy, and often requires careful hyperparameter tuning. Furthermore,
Q-value learning with function approximation is known to suffer from overestimation
bias [110], which can degrade policy performance. Both SAC and TD3 address
this issue by employing two critic networks and computing a target using the
minimum of the two estimated Q-values, thereby mitigating overestimation and
improving training stability. In particular, the critic in SAC is trained to minimise
the temporal-difference loss between the predicted Q-value and a target value that

includes both the reward and the entropy term:
0 2
L (¢Z) = E(St7at77"t7st+1)ND [(Qfm (St7 at) - yt) :| (211>

Y =1+ 7(}21112 Qg,(St+1,a;,1) — alog We(a£+1|5t+1))a (2.12)
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where qgj denotes the target network parameters, which are updated as an exponential
moving average of the critic parameters ¢, and aj, | ~ 7my(+|s;41) is sampled from the
current policy. This formulation combines entropy-regularised value learning with
double-Q estimation to stabilise training and reduce overestimation bias. Moreover,
for efficient learning, RLPD [111] performs multiple update steps per environment
timestep, known as the update-to-data (UTD) ratio, and regularises the critic with
layer normalisation to mitigate catastrophic overestimation. Moreover, in this thesis,
Chapter (3| builds upon FERM [100], a framework for sample-efficient vision-based
RL under sparse reward settings, implemented on top of SAC. Specifically, a visual
encoder is first pre-trained using a small set of demonstrations via contrastive
learning. The encoder is then jointly fine-tuned with the policy and critic networks
during RL, while incorporating data augmentation, particularly random cropping,
to improve robustness and sample efficiency.

While several prior works [112115] have attempted to learn RL policies for
bimanual manipulation, the problem remains inherently challenging due to the
high-dimensional action space and the difficulty of achieving effective coordination
between the two arms. To address this, prior works [113H115] have introduced
inductive biases into RL methods. Predefined, parameterised skills restrict the policy
to operate over temporally extended primitives rather than low-level motor com-
mands [113]. This structured action space reduces the need for extensive exploration
and alleviates long-horizon credit assignment. In addition, intrinsic motivation
reshapes the reward landscape to favour informative state transitions [114], guiding
exploration toward behaviours that accelerate skill acquisition. Finally, symmetry-
aware actor-critic architectures embed known geometric symmetries directly into the
network design [115]. By enforcing equivariance, these models eliminate redundant
representations and generalise more effectively across symmetric states.

Examples include predefined parameterised skills [113], intrinsic motivation
mechanisms for more efficient exploration [114], and symmetry-aware actor-critic

architectures [115], all of which have demonstrated improved learning efficiency and
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performance. Similarly, COMBO-Grasp, presented in Chapter 5, uses motion plan-
ning to decompose bimanual occluded grasping tasks. This allows two coordinated
policies to specialise: one policy controls the constraint arm to stabilise the object,

while the other learns to perform the grasp by exploiting the stabilisation.

Using a small number of demonstrations for guided exploration. To
improve sample efficiency and facilitate effective exploration for complex manip-
ulation tasks, policies are often trained with manually designed dense reward
functions, which require substantial domain expertise. Such dense reward functions
are rarely available in real-world environments. On the other hand, training RL
policies from sparse rewards, which are more realistic in real-world environments, is
significantly more challenging due to the hard exploration problem. This difficulty
is further exacerbated in contact-rich manipulation, where precisely coordinated
motions are required and small deviations can quickly lead to failure, making
unguided exploration unlikely to succeed. To address this challenge, several
previous works [104} 111} [116] have leveraged a small number of demonstrations to
guide exploration, thereby overcoming the hard exploration problem under sparse
rewards. For instance, a small number of demonstrations can be stored in a separate
replay buffer or mixed with exploration data [104, |111]. This enables the policy
to focus exploration on promising states observed in the expert demonstrations.
Similarly, the approach presented in Chapter |3| stores a small number of expert
demonstrations in a replay buffer to train a policy for insertion tasks under sparse
reward conditions. Moreover, prior works [108] |L09] leverage a small number of
expert demonstrations and additionally incorporate human interventions to correct
errors made by the behaviour policy.

More recently, Imitation Bootstrapped RL [116] trains a policy using IL, followed
by an RL stage that trains another policy. During RL training, the Q-value
function evaluates actions from both the imitation and RL policies, selecting the one
that maximises the estimated value to facilitate efficient exploration and effective

exploitation of the demonstrations. Similarly, residual RL is another common
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approach, where a base policy is trained from expert demonstrations, and an RL

policy is subsequently trained to adjust the output of the IL policy |117].

Sim-to-real transfer. Training policies directly in the real world is often im-
practical due to safety concerns and sample inefficiency. To address this limitation,
sim-to-real transfer [57] is commonly employed, in which a policy is trained
in simulation and subsequently deployed in real-world environments. However,
domain gaps between simulated and real-world environments, such as differences
in physics parameters, textures, and controllers, degrade transfer performance. To
mitigate these effects, domain randomisation [57] is a widely adopted technique
that randomises such parameters during training in simulation to expose the policy
to a wide range of variations, thereby increasing the likelihood that real-world
conditions fall within the training distribution encountered in simulation. In
particular, COMBO-Grasp and TWIST presented in Chapter [5| and [7] apply domain
randomisation for effective sim-to-real transfer.

Although not the focus of this thesis, system identification through real-to-sim
transfer [118 119 represents an alternative approach to domain randomisation. In
particular, this method estimates the physics parameters of real-world objects to
build accurate simulation models, trains a policy in simulation, and then transfers
the policy back to the real world.

In addition, several prior works employ teacher—student distillation frame-
works [33} [59, 65, 66], which leverage low-dimensional state observations available in
simulation to efficiently train a state-based teacher policy. The trained teacher policy
then supervises a vision-based student policy that operates on high-dimensional

visual inputs. This approach is employed in COMBO-Grasp, presented in Chapter [5
2.2.2 Model-based Reinforcement Learning

In contrast to model-free RL, model-based RL learns a dynamics model from
data and optimises a policy or plans an action sequence within the learnt dy-
namics, effectively unifying model-based planning and learning under a single

framework. Model-based RL is generally more sample-efficient and safer than
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model-free methods, as it can train policies or evaluate action sequences using
imagined rollouts in the learnt dynamics model, thereby reducing reliance on
costly and potentially unsafe real-world interactions. Early approaches such as
PILCO [120] demonstrated remarkable sample efficiency on low-dimensional state
spaces by employing Gaussian Process dynamics models. To improve scalability,
PETS [121] introduced probabilistic ensembles of neural networks combined with
trajectory optimisation using the Cross-Entropy Method (CEM) [11], achieving
strong performance on high-dimensional continuous control tasks. While these
methods assumed access to structured state observations, the visual foresight
framework [122] extended model-based RL to pixel observations by predicting
future visual outcomes conditioned on action, thereby enabling planning directly
in image space, often via sampling-based optimisation such as CEM.

Building on these foundations, world models [55] employ a variational autoen-
coder (VAE) [17] to learn compact latent representations jointly with predictive
dynamics models for effective planning and policy optimisation. PlaNet [60]
advances this and proposes the Recurrent State Space Model (RSSM), which models
both deterministic and stochastic transitions in the latent space. This improves
predictive accuracy and supports long-horizon planning in simulated environments
such as Atari [123] and the DeepMind Control Suite [124]. Dreamer [13| |14} [125]
builds upon PlaNet and optimises a policy on the world model to tackle more
complex continuous control tasks and simple real-world manipulation tasks [126],
demonstrating strong performance from raw pixel observations without access to
privileged state information.

In addition to policy optimisation, several prior works [15, [127] leverage model
predictive control (MPC) on the world model, integrating forward planning with
policy learning to enhance sample efficiency. Recently, akin to model-free RL,
MoDem [128| [129] leverages a small number of demonstrations to pre-train a world
model, and subsequently collects real-world data through online interaction to
fine-tune the dynamics model, thereby improving both policy and planning. In

contrast to approaches that rely on offline datasets or direct real-world interaction,
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which are often costly or unsafe, Chapter [7| introduces an efficient sim-to-real
transfer framework for model-based RL.

Moreover, recent studies |[130H132] seek to improve the accuracy of modelling
robot—environment interactions by leveraging Transformer [133] architectures and

diffusion models |18, [69].
2.2.3 OfHine Reinforcement Learning

Offline RL [134-136] facilitates policy learning from offline datasets without requiring
interaction with the environment, utilising both successful and failed trajectories to
enhance policy performance. However, as discussed in prior work |137], the main
challenge often lies in policy extraction rather than in value function estimation.
Policy extraction refers to the procedure that derives a policy from learnt value
estimates. In offline settings, naively maximising a learnt Q-function is problematic,
as the maximisation operator tends to favour out-of-distribution actions whose values
are inaccurately estimated, leading to poor generalisation at test time. Notably,
advantage-weighted methods such as AWR [134] and IQL [135] address this issue
by constraining policy improvement to actions observed in the dataset.

In particular, IQL, used as a baseline in Chapter [, first learns a state value
function V,,(s) using expectile regression. Specifically, the value function is ob-

tained by minimising

Ly (1) = Eapen [L5(Qo(s,0) = Vi())]

where L3(u) = |7 — 1(u < 0)u? is the asymmetric squared loss with expectile
parameter 7 € (0.5,1). This objective estimates an upper expectile of Q(s,a)
without performing an explicit maximisation over actions, thereby mitigating
overestimation on out-of-distribution actions.

Then, the estimated value function is used to form the regression target in

the Q-function update.

Lo(0) = E(sas~p [(Qe(s, a) — (r+ 7v¢<s’>>)2] .
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The bootstrap target depends on the learnt value function V,(s") rather than on
max, Q(s',a’), avoiding maximisation over unseen actions. Policy extraction is

then performed via advantage-weighted regression [134], optimising

‘Cﬂ'(¢) = _E(s,a)ND [eXp (6(@9(5’ CI,) - V¢(S))) log 7T¢(a‘3)] )

where 8 € [0, 00) is an inverse temperature. This objective corresponds to weighted
behavioural cloning, assigning greater weight to actions with higher estimated
advantage while remaining within the dataset support.

By contrast, Grasp-MPC trains only a value function and employs sampling-
MPC, particularly MPPI, as a policy at test time. This design eliminates the need
for a separate extraction stage by directly translating value estimates into planned
action sequences, allowing the system to actively search ahead for collision-free

trajectories that achieve the target task.

2.2.4 Imitation Learning

While deep RL usually requires a large number of interactions with environments to
train a policy, imitation learning (IL) [23-25] enables the robot to imitate behaviour
in demonstrations provided by expert users. There are mainly two approaches
in IL: behaviour cloning (BC) [138, |139] which employs supervised learning to
learn a mapping function from a state to action, and inverse RL [140-143], which
learns to estimate a reward function from the expert demonstrations and train
a policy using RL given the learnt reward function. BC methods often suffer
from compounding errors [144], where small mistakes made by the learnt policy
accumulate over time, leading to significant deviations from expert behaviour. A
prominent approach to mitigating this issue is DAgger [144], in which the expert
policy (or a human demonstrator) labels the correct action for states encountered
by the IL policy. These newly labelled state—action pairs are then aggregated with
the original demonstration dataset, enabling the IL policy to learn more robust

behaviour under distribution shift. Similarly, DITTO [145] addresses covariate shift
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by rolling out the IL policy within a learnt dynamics model and aligning its latent
trajectory representations with those of the expert demonstrations.

Recently, several prior works have proposed using Transformers or Diffu-
sion models as policy architectures to capture complex multi-modal action
distributions. While COMBO-Grasp, presented in Chapter [5, does not require
demonstrations collected by expert users, it employs a diffusion policy as a vision-
based student grasping policy distilled from a state-based teacher policy. In parallel,
the vision-based constraint policy is trained using a Gaussian mixture model .
Specifically, data are collected by executing the expert (teacher) policy, after which
a vision-based student policy is trained to imitate the teacher’s action outputs.

Expert demonstrations are commonly
collected via teleoperation, using interfaces
such as game controllers, space mice, or VR
controllers. Recently, the ALOHA tele-
operation system has enabled intuitive data
collection by allowing a human operator to
physically manipulate a local robot, whose

joint commands are mirrored in real time

by an identical remote robot that performs Figure 2.1: GELLO for a bimanual
robot. Collecting high-quality demon-
strations remains time-consuming, limit-

hardware, this setup eliminates the need for ing large-scale data acquisition for gen-
eralisation to novel objects.

the task. Since both robots share the same

complex remapping or interfaces, enabling
natural and accurate demonstrations. While the ALOHA system requires two
identical full-sized robot arms, which can be expensive, GELLO offers a low-
cost alternative by using a 3D-printed, small-scale replica with the same kinematic
structure. This scaled robot enables intuitive and affordable teleoperation by directly
mapping its joint positions to those of the target robot (see Figure .

In contrast to collecting demonstrations for a parallel gripper, acquiring demon-
strations for a dexterous robot hand is particularly challenging due to its high-

dimensional configuration space and complex kinematic structure. Several prior
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studies [150, [151] have employed VR/AR headsets to track human hand poses,
which are subsequently mapped to the corresponding states of the robot hand.
Similarly, AnyTeleop [152] uses only an RGB camera to estimate human hand
poses and retargets them to the robot hand states.

Nevertheless, collecting a large number of demonstrations remains time-consuming
and challenging, especially for complex, contact-rich manipulation tasks. This thesis
primarily aims to leverage readily available data for efficient skill acquisition rather
than focusing on IL. In particular, the approach presented in Chapter [3|incorporates
a small number of expert demonstrations, collected via game controllers, to guide
exploration in RL. Moreover, D-Cubed, presented in Chapter [§] leverages a task-
agnostic structured play dataset that records only meaningful hand motions without
robot—object interaction, making it far easier to collect than expert demonstrations.
Using a method similar to AnyTeleop, human hand poses are estimated from RGB
images and retargeted to robot hand states. The resulting dataset is then used to

train an action sampler to facilitate exploration for trajectory optimisation.

2.3 Generative Models in Robotics

This section provides an overview of generative models that are particularly relevant
to robotics and to this thesis. Deep generative models have gained increasing
attention in robotics due to their ability to capture complex data distributions
and generate diverse samples. Generative models are commonly employed for
policy learning, dynamics modelling, grasp pose generation, action sampling, and

trajectory generation.

2.3.1 Variational Autoencoders

The variational autoencoder (VAE) [17] is one of the most fundamental approaches,
learning a latent representation by encoding inputs into a distribution, typically
parameterised as a multivariate normal, from which latent variables are sampled

and decoded to reconstruct the original data. Formally, given an input x and
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latent variable z, a VAE maximises the evidence lower bound (ELBO) on the

marginal likelihood:

Lyan(t, ¢3%) = Bg (s [log po(x|2)] = 6 Dxr(gs(2[x) [ p(2)),  (2.13)

where g,4(z|x) is the encoder, py(x|z) is the decoder, and p(z) is a prior distribution,
typically NV (0,7). The first term encourages accurate reconstruction, while the
second regularises the latent distribution to align with the prior. The coefficient
B controls the degree of disentanglement in the latent space, as introduced in
the 5-VAE [16].

VAEs have been applied to various domains, such as grasp pose prediction [153],
to the learning of latent representations that support downstream policy learn-
ing [154], and as a central component of world models 13, |14} |55], where they
are combined with recurrent state-space models to capture system dynamics. In
Chapter |§|, AMP-LS employs a beta-VAE [16] to learn structured latent spaces for
gradient-based motion planning. Moreover, TWIST in Chapter [7] enables effective
sim-to-real transfer of world models by leveraging the capability of generative
modelling. Moreover, D-Cubed, presented in Chapter [§, employs a VAE to learn
skill latent representations by reconstructing sequences of short-horizon actions to
learn a latent diffusion model as an action sampler, thereby facilitating effective
trajectory optimisation.

In contrast to learning monolithic latent representations, object-centric gener-
ative models [35] |155] have recently emerged to decompose a scene into object-
centric representations, where each entity is represented individually. APEX [35],
for instance, is built on a VAE and learns object-centric representations from
videos. In this thesis, Chapter 3| employs APEX for versatile one-shot target object
identification by comparing object-centric representations in a new scene with the

reference target object representation obtained from an expert demonstration.
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2.3.2 Diffusion Models

Recently, diffusion models, formulated as Denoising Diffusion Probabilistic Models
(DDPMs) [18], have seen widespread adoption across robotics applications. Formally,
given a data sample Xg ~ @qata(X), the forward diffusion process constructs a

Markov chain xg,x;,...X7r such that

q(x1.7(%0) = H q(xelxi-1),  q(xe|xi1) = N(\/ 1 — B %41, 5t1) ) (2.14)

where 3; denotes a small positive noise variance at each timestep t. The reverse

process, which removes noise to generate samples, is defined as

po(Xo.r) = p(xr) l:[lpe(xt—llxt), pe(xr) = N(0,1), (2.15)
with
po(Xi1|%0) = N (g (x4, 1), Zo(x4,1)). (2.16)

The mean py and the variance ¥y are defined as:

Vi /el = d) (2.17)

t
lue(xtv ) 1 — at 1 — O_ét Xt,
~ 1—a
V(1) = 071 = = —— = lﬁt, (2.18)
where oy ;== 1 — 5, and oy = Hz-:l a;. In practice, a denoising network learns

to predict either the added noise €; or the clean data xo directly. A simplified

training objective for predicting x, can be written as

‘Cdiffusion = EXONq(XO),tN[l,T] [HXO - GQ(Xt7 t)”é} ; (219>

where GGy denotes the denoising network parameterised by 6.
Guidance mechanisms further enhance the capability of diffusion models. Classi-

fier guidance [50] directs the reverse diffusion process using gradients from a classifier.

nglded(xta t, y) — NG(XU t) + s Ee(xn t)VXt 10gp¢(y|Xt), (220)

where s is a guidance scale controlling the influence of the classifier. This steers

the reverse diffusion process toward regions in which the classifier outputs a higher



2. Background and Related Work 40

likelihood to the desired label y. On the other hand, classifier-free guidance [156]
achieves a similar effect without requiring an external classifier.

In robotics, diffusion policies [147, [157] leverage diffusion models to learn
manipulation policies from expert demonstrations. Beyond policy learning, diffusion
models have been employed for world modelling |69, 158, [159], motion planning [160],
and grasp synthesis [37, [L61]. Diffuser [159] learns an approximate dynamics
model using diffusion models and employs classifier guidance, where gradients
from a learnt value function steer the reverse diffusion process to generate action
sequences. COMBO-Grasp, presented in Chapter [5, adopts diffusion models
for a teacher constraint policy and student grasping policy to solve challenging
occluded grasping tasks. Moreover, inspired by Diffuser, COMBO-Grasp introduces
value-guided policy coordination, where gradients from the value function of a
grasping policy guide the reverse diffusion process of the teacher constraint policy
toward generating stabilisation poses that better support successful grasps. In
Chapter [§ D-Cubed leverages a latent diffusion model [61] operating on learnt
latent representations to construct an action sampler, which facilitates efficient

exploration for trajectory optimisation.
2.3.3 Normalising Flows and Flow Matching

Normalising flows [162], which learn invertible mappings between simple and complex
distributions, have also been widely applied, for instance, to model sampling
distributions in robotics tasks [163]. These methods have subsequently been
extended to flow-matching models, which are increasingly employed for training
IL and RL policies |[164-166]. Although not directly applied in this thesis, such
approaches are particularly relevant as they are potentially capable of learning
expressive action samplers for trajectory optimisation. In future work, these could
be integrated with Grasp-MPC, presented in Chapter [4, to improve trajectory
optimisation by biasing the search towards regions of the action space that are

more likely to yield successful behaviours.
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2.4 Unifying Planning and Learning

This thesis investigates the unification of model-based planning, such as motion
planning and trajectory optimisation, with learning-based approaches to leverage
their complementary strengths for efficient skill acquisition in contact-rich manipu-
lation tasks. Model-based planning offers predictive foresight, explicit constraint
handling, including safety constraints, and the ability to generate collision-free
trajectories toward desired target poses; however, it is limited by model inaccuracies,
computational demands, and the difficulty of finding feasible solutions in contact-rich
manipulation tasks. Learning-based approaches, in contrast, can acquire flexible,
dexterous, and generalisable behaviours and model complex dynamics directly from
data, yet they often struggle with sample inefficiency, safety, and long-horizon
exploration. Therefore, integrating these offers a principled path toward efficient,
safe, and adaptable manipulation in unstructured environments.

Combining task-level planning with low-level skill learning is essential for long-
horion manipulation, as real-world manipulation tasks inherently require temporally
extended reasoning and sequential decision-making. However, this thesis focuses
on a fundamental subproblem within long-horizon manipulation: the safe and
data-efficient acquisition and execution of contact-rich manipulation skills that serve
as building blocks for more complex behaviour, and we therefore do not discuss
task-level integration in this section. The following sections review recent approaches
in learning-based motion planning, sequential integration of motion planning and

learning-based policies, and trajectory optimisation with learning-based methods.
2.4.1 Learning-based Motion Planning

Recent work has investigated learning-based approaches to enhance the speed
and reactivity of motion planning. These approaches [52, 53, [167-170] typically
use an offline dataset, particularly expert demonstrations generated by sampling-
based motion planners. Carvalho et al. [160] extend this paradigm by employing
diffusion models to learn from diverse trajectory distributions, while guiding the

reverse diffusion process using constraints such as collision avoidance constraints.
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While effective in novel scenes, these methods all require large datasets of expert
trajectories, making them costly and harder to scale.

Moreover, several works have explored planning in learnt latent spaces [19, [171].
Latent Space Path Planning (LSPP) [19], for example, performs planning directly in
the latent space trained using a generative model from readily available kinematically
feasible robot states, thereby bypassing the need for costly expert trajectories.
Although demonstrated in simplified settings with primitive obstacle geometries,
LSPP offers key advantages such as faster planning and ease of incorporating task
constraints via learnt performance predictors. LSPP is further extended to AMP-
LS, which enables obstacle avoidance in real-world environments with complex
object shapes, as presented in Chapter [6]

2.4.2 Sequential Integration of Motion Planning and Learning-based

Approaches

Motion planning is effective for controlling robots in complex, cluttered environments,
but it is not designed to handle contact-rich manipulation tasks and struggles due
to the difficulty of accurately modelling contact dynamics. In contrast, model-
free RL can acquire manipulation skills from experience, guided by a reward
function. However, it typically requires large amounts of data and performs poorly
in complex settings, often limited to clean tabletop environments due to exploration
challenges. To combine the strengths of both approaches, several prior works [32-
34, |172] integrate motion planning with learning-based policies. For example,
GUAPO [34] employs an object-specific classifier to identify the hole location in
a peg-in-hole task and determines when to switch between motion planning and
an RL policy. MoPA-RL [32] introduces a hierarchical RL framework where the
policy autonomously learns to switch between motion planning and a low-level
manipulation policy given the current state to solve contact-rich manipulation
tasks in obstructed environments.

However, these approaches rely on object-specific classifiers or goal identifiers
trained via RL, which restricts their adaptability to previously unseen objects

commonly encountered in small-batch manufacturing and open-world environments.
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In contrast, Chapter [3]introduces a system that unifies motion planning and RL while
leveraging an object-centric generative model for flexible goal conditioning, thereby

enabling sample-efficient adaptation to novel objects and overcoming this limitation.

2.4.3 Trajectory Optimisation with Learning-based Approaches

A growing body of work has focused on integrating learning-based methods with
MPC to address these fundamental challenges. This integration spans multiple direc-
tions, including the learning of dynamic models [127] [173-177], cost functions [127,
178-181], and sampling distributions |64} 163].

Neural Motion Fields [181] exemplifies attempts to learn value functions that
represent distance costs to desired target poses. However, this distance-based
approach demonstrates the inherent difficulty of capturing the intricate factors that
determine manipulation success through simple geometric metrics, often resulting in
suboptimal performance. Similarly, CV-MPC [178] learns ensemble value functions
from limited demonstrations for object transport tasks, yet remains constrained
by its reliance on low-dimensional state observations, limiting its applicability
to manipulation tasks involving novel objects. These limitations highlight a
fundamental gap in current trajectory optimisation methods: the difficulty of
effectively incorporating high-dimensional sensory information and complex task
semantics into optimisation frameworks suitable for real-time manipulation control.
In contrast, Grasp-MPC, presented in Chapter [4] learns a vision-based value function
from diverse synthetic grasp trajectories, enabling generalisable, safe, and reactive

visual grasping in real-world environments.



Efficient Skill Acquisition for Insertion
Tasks in Obstructed Environments

Data efficiency is a crucial factor in small-batch manufacturing applications, where
robots must quickly adapt to new tasks with minimal training time and human
intervention. Moreover, while many existing approaches focus on learning contact-
rich manipulation skills within restricted, clean workspaces, real-world scenarios
demand a robotic system capable of operating across their entire workspace, often
in the presence of obstructions.

Motion planning (7, 9, |10, 30, 182] has demonstrated its ability to generate
collision-free trajectories, allowing robots to navigate complex environments safely.
However, motion planning is not designed to handle complex manipulation tasks
that require interaction with the environment. On the other hand, RL [21] 22|
44, 166, [100, (104}, 108}, 1109} 183] has shown promising results in mastering contact-
rich manipulation tasks. Despite these advances, RL is often limited to a narrow
workspace due to sample inefficiency and safety concerns, limiting its applicability
in real-world environments.

To overcome the limitations and leverage the complementary strengths of both
approaches, several prior works [32] |34] have attempted to combine motion planning
and RL to solve manipulation tasks in obstructed environments. A key insight is
that not all aspects of motion need to be learnt. Motion planning can efficiently

generate collision-free trajectories to approach and position a robot around the

44
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target object, while RL is used to handle the contact-rich interactions. However,
these prior works rely on either an object-specific pose estimator [34] or a goal
estimator [32] trained using RL, which requires a significant amount of data and time
to retrain them when a new object is introduced. To enable real-world applications
in small-batch settings, the ability to identify objects in a versatile and efficient
manner is also a crucial requirement.

To this end, this chapter introduces a robotic system designed for efficient skill
acquisition, addressing complex insertion tasks in obstructed environments within
small-batch settings (see Chapter , Fig. 2, for an overview of the system). As
illustrated in Chapter [3] Fig. 3, the proposed system utilises an object-centric
generative model |35 for one-shot, versatile identification of target objects. The
output of this model is then used for motion planning, followed by an RL policy
to execute the contact-rich insertion task.

In particular, the object-centric generative model outputs a set of object-specific
representations corresponding to the entities present in a scene. From a single
demonstration, the system extracts the representation of the target object, which
serves as the reference representation of the target. In a novel scene containing
the same object, the system compares each object-specific representation to the
reference and selects the one most similar to it. Once the target object is identified,
its location is used to define a goal for motion planning, enabling the robot to
efficiently avoid obstacles and reach the target. An RL policy, trained locally
around the target object using RGB images from a wrist camera and force/torque
measurements, is then executed to perform the insertion task. Rather than adopting
residual RL [36], which would require specifying and tuning a base policy and
thus introducing additional task-specific engineering, we instead leverage a small
number of demonstrations to bias the policy search toward meaningful behaviours,
preserving a scalable and data-efficient framework. This combination of object-
centric perception, motion planning, and RL enables the system to efficiently solve

complex contact-rich manipulation tasks, even in obstructed environments.
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Furthermore, to seamlessly integrate motion planning with RL, we introduce a
transition network that connects the terminal state of motion planning to the initial
state distribution of the RL policy. The network is trained in a self-supervised
manner using a dataset collected by moving the robot from the initiation set of the
RL policy to randomly sampled nearby states, recording an RGB image observation
at each sampled state, and computing the displacement between the sampled state
and the initiation set, which serves as the target for the transition network to regress.

Experimental results demonstrate that the proposed one-shot object identifica-
tion approach utilising an object-centric generative model achieves greater versatility
and comparable accuracy to baseline methods, without requiring manual engineering
such as cropping a target object image (see Chapter , Table 1). This makes the
approach particularly suitable for small-batch scenarios. Furthermore, the proposed
system achieves an average success rate of 90.0% over four different complex insertion
tasks in obstructed environments, outperforming competitive baselines, including
a state-of-the-art RL algorithm and ablated variants of the proposed system, by
a significant margin (see Chapter [3| Table 2).

By leveraging an object-centric generative model, this chapter demonstrates
that integrating motion planning with RL enables versatile, data-efficient, and
safe skill acquisition and execution across multiple objects. In summary, this

chapter presents the following:

1. A system for efficient skill acquisition in obstructed environments, which
leverages an object-centric generative model for object-agnostic one-shot
target object identification, thereby overcoming the limitations of existing

methods that unify motion planning and RL.

2. A transition network that smoothly connects the terminal states of motion
planning to the feasible initiation set of a learnt RL policy, significantly

improving the overall success rate.
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3. Performance of one-shot target object identification using an object-centric
generative model, showing accuracy comparable to traditional and object-

specific goal identification baselines without manual engineering.

4. Real-world experiments demonstrating that the proposed system outperforms
baselines, including a state-of-the-art RL algorithm and variations of the

proposed system.
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Abstract

Data efficiency in robotic skill acquisition is crucial for operating robots in varied small-batch as-
sembly settings. To operate in such environments, robots must have robust obstacle avoidance and
versatile goal conditioning acquired from only a few simple demonstrations. Existing approaches,
however, fall short of these requirements. Deep reinforcement learning (RL) enables a robot to learn
complex manipulation tasks but is often limited to small task spaces in the real world due to sample
inefficiency and safety concerns. Motion planning (MP) can generate collision-free paths in ob-
structed environments, but cannot solve complex manipulation tasks and requires goal states often
specified by a user or object-specific pose estimator. In this work, we propose a robust system for
efficient skill acquisition designed to address complex insertion tasks in obstructed environments.
Our system leverages an object-centric generative model (OCGM) for versatile goal identification
to specify a goal for MP combined with RL to solve complex manipulation tasks in obstructed en-
vironments. Particularly, OCGM enables one-shot target object identification and re-identification
in new scenes, allowing MP to guide the robot to the target object while avoiding obstacles. This is
combined with a skill transition network, which bridges the gap between terminal states of MP and
feasible start states of a sample-efficient RL policy. The experiments demonstrate that our OCGM-
based one-shot goal identification provides competitive accuracy to other baseline approaches and
that our modular framework outperforms competitive baselines, including a state-of-the-art RL al-
gorithm, by a significant margin for complex manipulation tasks in obstructed environments.
Keywords: Robotic Manipulation, Integrated Planning and Learning, Reinforcement Learning,
Motion Planning, Learning from Demonstration

1. Introduction

Teaching new skills to robots using limited supervision is essential for maximising the up-time and
productivity of robots, leading to faster return on investment. Small-batch manufacturing, where
there are a limited number of parts to be produced, is an exemplary environment that would greatly
benefit from efficient skill acquisition. In a small-batch setting, a robot must learn to manipulate
new objects while maintaining data efficiency in potentially arbitrarily obstructed environments.
However, existing methods for controlling a manipulator such as motion planning and reinforcement
learning individually struggle to satisfy such requirements.

Motion planning (MP) (Amato and Wu, 1996; LaValle, 1998) generates collision-free paths ca-
pable of guiding a robot safely in obstructed environments given an explicit state of the environment
and goal. However, MP is not designed to plan through complex manipulation tasks requiring envi-
ronmental interaction. Furthermore, MP necessitates the specification of a goal state in the robot’s
frame of reference, which is typically accomplished through manual engineering (Khodeir et al.,
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2021), template matching (Le et al., 2019), or an object-specific pose estimator (Lee et al., 2020)
trained on manually labelled supervised data.

Deep reinforcement learning (RL), on the other hand, has shown promising outcomes in learning
to control a robot for complex manipulation tasks such as grasping (Kalashnikov et al., 2018; Zhan
etal., 2020) and insertion (Luo et al., 2021). However, prior works often limit operation to simulated
environments (Haarnoja et al., 2018) or heavily restrict and regulate operating spaces by executing
with a short horizon without obstructions (Luo et al., 2021; Zhan et al., 2020) due to the sample
inefficiency and potential of executing unsafe policies. VR 4

Combining MP and RL has been investigated b {
by several prior works (Yamada et al., 2020; Lee
et al., 2020) and shows the potential of leveraging @
the strengths of both methods to solve manipulation

Wrist camera

tasks in obstructed environments. Yet, goal speci- 'C:mm‘ﬁ;r ' g
fication for MP in prior work has relied on either r “ y
sample-inefficient interaction with the environment socket &3

or an object-specific pose estimator, which needs re- sl A

training for each new target object. Notably, MoPA- el

RL (Yamada et al., 2020) attempts to solve similarly A st «

complex manipulation tasks but requires more than

1M samples to train the RL policy from state-based Figure 1: Task setup. We solve complex
observations with fixed obstacle positions, limiting manipulation tasks within the entire oper-
the real-world application. ational space of a robot by leveraging an

Inspired by the challenges faced in small-batch OCGM for versatile and efficient goal acqui-
manufacturing problems, we introduce a system that sition paired with MP and RL. Note that ob-
builds upon existing MP and RL algorithms, inte- stacles and a socket are randomly placed on
grating them with an object-centric generative model the table.

(OCGM) (Wu et al., 2021) to overcome the limitations of existing methods. We posit that the inte-
gration of an OCGM leads to versatile, one-shot goal identification and re-identification, allowing
for insertion tasks to be solved from a limited number of simple human demonstrations.

Specifically, we identify a target object from a single demonstration using an OCGM, pre-
trained on diverse synthetic scenes. Matching the target object’s object-centric representation to
those in new scenes leads to robust object re-identification. Using the object’s position as a goal, the
motion planner generates a collision-free path to the target object while avoiding obstacles before
a learned RL policy is executed to complete the insertion tasks. We train an RL policy for each
insertion skill from a sparse reward to eliminate the need for reward engineering using specialist
knowledge. We also leverage a handful of easy-to-collect demonstrations to guide exploration to
achieve efficient RL policy learning. To maximise performance, we also introduce a skill transition
network to reduce failures that occur when transitioning from MP to the learned RL policy.

The contributions of our work are fourfold: (1) we propose a system for efficient skill acqui-
sition in obstructed environments that leverages an OCGM for object-agnostic to overcome the
limitations of existing methods, one-shot goal specification, (2) we introduce a transition network
that smoothly interpolates between terminal states of motion planning and feasible start states of
a learned RL policy to significantly improve the successes rate of the approach, (3) we show that
our OCGM-based one-shot goal specification method achieves comparable accuracy against sev-
eral traditional and object-specific goal identification baselines, and (4) we demonstrate that our
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system performs significantly better in real-world environments compared to baselines, including a
state-of-the-art RL algorithm. In summary, our paper introduces a novel system that leverages prior
MP and RL methods while distinguishing itself by eliminating the need for prior knowledge such
as object geometry or object-specific detectors. We demonstrate the effectiveness of using unsu-
pervised OCGMs to combine MP and an RL policy, making our approach particularly valuable in
small-batch settings, which is our specific focus. While the individual building blocks exist, their
seamless integration in a real-world robot system remains a challenging and novel achievement.

2. Related Works

Recent success in deep RL (Kalashnikov et al., 2018; Haarnoja et al., 2018) enables a robot to learn
complex manipulation tasks such as grasping (Kalashnikov et al., 2018; Zhan et al., 2020) and in-
sertion (Luo et al., 2021; Vecerik et al., 2018; Lee et al., 2018; Davchev et al., 2022; Carvalho et al.,
2022) driven by a reward. To avoid the requirement of specialist knowledge for reward engineering,
several prior works have proposed sample-efficient RL methods that can learn complex manipula-
tion skills from a sparse reward by leveraging a small number of demonstrations for guided explo-
ration (Zhan et al., 2020; Luo et al., 2021; Vecerik et al., 2017, 2018). However, due to the sample
inefficiency of sparse rewards, studies have been primarily conducted in simulated environments or
within limited task spaces in the real world. Learning from demonstration (LfD) (Schaal, 1999; Bil-
lard et al., 2008; Groth et al., 2021) is an alternative method for a robot to learn manipulation tasks
by imitating behaviour in expert demonstrations collected by a human operator, but it often requires
a large number of demonstrations to acquire manipulation skills. While InsertionNet (Spector and
Di Castro, 2021) enables a robot to solve insertion tasks within the entire operational space of a
robot manipulator from a small number of demonstrations, it is evaluated in a clean environment
without obstruction. Successful insertion is also made possible by a small initiation set for the learnt
skill. Adaptive LfD for insertion has also been proposed (Wen et al., 2022), allowing a policy to
quickly adapt to new insertion objects from the same category seen in training using only a sin-
gle demonstration and the object mesh. However, such mesh information is not readily available,
limiting real-world applications. In our work, a manipulation skill is learnt using Framework for
Efficient Robot Learning (FERM)(Zhan et al., 2020).

Motion planning (MP) (Amato and Wu, 1996; Kavraki and Latombe, 1994; LaValle, 1998) can
effectively generate a collision-free path from a robot’s initial configuration to a goal pose using an
explicit model of the robot and environment. However, such a goal pose is often specified by a user
or object-specific pose estimator. Further, complex manipulation tasks such as insertion are out of
the scope of MP as MP does not model the dynamics of the surrounding environment or objects.

Several previous works (Yamada et al., 2020; Lee et al., 2020; Kuo et al., 2021) combine MP
and RL to leverage the benefits of both methods to solve manipulation tasks in unstructured envi-
ronments. However, these preceding works limit their real-world applicability by requiring a large
number of samples to learn a goal estimator (Yamada et al., 2020) or by retraining an object-specific
predictor for each new goal object (Lee et al., 2020). While MoPA-RL (Yamada et al., 2020) is most
closely related to our method in spirit, it requires more than 1M samples to train an RL policy from
state-based observations with fixed obstacle positions. Thus, the prior work is not directly compa-
rable to our work due to its sample inefficiency and the need for inaccessible state observations in
the real world.
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Figure 2: Our framework architecture. (a) We leverage an OCGM to re-identify a target object
such that its object-centric representation matches one extracted from a single demonstration. The
goal state is specified in the robot’s reference frame using an external RGB-D camera with calibrated
extrinsics. (b) Given the goal state acquired in (a), a motion planner generates a collision-free path
to the goal. (c) A skill transition network guides the arm from the terminal state of the motion
planning (MP) to the initiation set of the RL policy. (d) Given a wrist camera image I\""* and
robot’s internal state x;, a learned RL policy executes the final interaction until task completion.

Our work leverages unsupervised OCGMs (Wu et al., 2021; Locatello et al., 2020; Lin et al.,
2020) to find a target object for MP, negating the need for object-specific goal estimators. OCGMs
learn structured representations of objects within complex scenes and provide a set of object-centric
embeddings useful for instance matching. In contrast to goal specification methods that require
human intervention or a large, object-specific datasets, i.e. template matching or object classifier,
OCGMs hold the promise of versatile target object identification. While several prior works (Kir-
illov et al., 2023; Xie et al., 2021) introduce instance segmentation methods for unseen objects, these
methods do not provide a dense description of objects suitable for instance matching. Specifically,
this work leverages APEX (Wu et al., 2021) an unsupervised model trained on a wide distribution
of simulated data to assist with generalisation to real-world environments.

3. Methodology

In this work, we present an efficient solution for solving insertion tasks in obstructed, real-world
environments by leveraging an OCGM. We demonstrate our system on several insertion tasks as
they require learning complex insertion skills and also require the identification of the target socket
to complete the tasks (see Figure 1 for our task setup). We break our method down into pre-training,
task-specific skill training and execution in the following subsections. The pre-training component
of our method is only completed once and can be reused for all future insertion tasks. Task-specific
skill training is required for each new insertion task and execution describes the process for au-
tonomous task execution after training.

3.1. Pre-training

Pre-training is required for APEX (Wu et al., 2021), our choice of unsupervised OCGM, to achieve
versatile one-shot target object acquisition, but it only needs to be done once as it is trained on
a diverse synthetic dataset collected in simulation to encourage generalisation to a variety of real-
world objects. APEX is formulated as a set of VAEs, and takes a video sequence I1.7 as input. Each
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frame is decomposed into a set of latent representations for each discovered object j consisting of
object location z{"'*", appearance 2", and presence z; '© € [0,1], where T is the number of
frames in a video sequence. We train APEX on a synthetic dataset consisting of a set of trajectories
in which a robot interacts with a diverse set of primitive shapes of differing colour and size. In order
to successfully transfer APEX trained on synthetic data to the real world, we add a small amount of
noise to the camera pose for each trajectory, leading to variations in the images. As a result, APEX

is successfully applied to real-world scenes with similar background textures.

3.2. Task-Specific Skill Training

This section details the task-specific data and training required by our method. The data must
be collected for each new task that the robot is taught, however, the supervised component only
requires about 10 minutes to collect. First, a single demonstration, D9°% = {(I¢** x¢¢), ...} con-
sisting of a sequence of images I°“’ from the third-person camera and robot end-effector posi-
tions x7®, of a successful task completion from anywhere within the robot’s operational space
is collected for goal specification using the pre-trained APEX. Additionally, 25 demonstrations,
DEL — {(1%%t 2, ay),...}1?], of the insertion skill for efficient RL training, are collected from
within a limited task space such that the connector is always within sight of the wrist camera, where
I ;"”“, T, a; are wrist camera image, robot states including 3-dimensional Cartesian end-effector
velocity and F/T sensor data, and action at time step ¢.

We employ FERM (Zhan et al., 2020) to train the RL policy 7y along with a critic function
() parameterised by 7 to complete the insertion task. This takes between 60 to 90 minutes to
train on a desktop computer with an 17 processor and a Nvidia Titan X GPU. FERM is composed
of Soft Actor Critic (Haarnoja et al., 2018), contrastive learning (Laskin et al., 2020b), and image
augmentation (Laskin et al., 2020a). In addition to a gray-scale image from the wrist-mounted
camera (I*"1H>*W] \where H and W are 64 pixels), the policy takes as input the end-effector
Cartesian velocity and F/T sensor data (see Figure 2 (d)) and outputs the desired 3-dimensional
Cartesian end-effector velocity for the robot. Because the policy takes as input local information, it
is able to generalise to any location in the robot’s operational space. The RL policy is trained using a
sparse reward r, = 1[s € S,] where Sj; is a set of goal states defined as the average termination state
of the collected demonstrations within a 1e¢m tolerance. To accelerate training of the RL policy, we
leverage the task demonstrations D to initialise a replay buffer for guided exploration similar to
FERM and train the policy and critic asynchronously, as inspired by prior work (Luo et al., 2021).
We also limit the task space for this stage, such that the socket is always within sight of the wrist
camera for training, improving sample efficiency and reducing the chance of unsafe interactions.
The initial states of the policy are positioned above the socket, with a small random noise added to
their positions, sampled from a uniform distribution between —0.02cm and 0.02cm.

We also introduce a skill transition network, inspired by prior work (Johns, 2021), for each new
insertion task to improve the task success rate. The terminal state of the MP is not guaranteed to be
within the feasible start states of the RL policy, defined as the initiation set of the skill (represented
as a blue box in Figure 2 (c)), due to the error in estimating the MP goal state in 3D space, caused
by errors in camera extrinsics and noisy depth estimation from the RGB-D camera. To mitigate this
issue, a simple convolutional neural network (CNN) is trained on data collected in a self-supervised
manner to predict the Cartesian offset required to move the end-effector from the terminal states of
MP to the initiation set of the RL policy. The dataset is collected in less than 30 minutes by sampling
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Figure 3: Target object identification and re-identification using an OCGM. (a) We leverage a
pre-trained OCGM to extract an object-centric representation from a single task demonstration. The
target object is identified in the demonstration as the object mask closest to the robot end-effector
position at the end of the trajectory %% (see Eq 1). (b) Given a new scene, the OCGM is used to
acquire object-centric representations of all objects and compare these with the already identified
target object representation to re-identify the target object.

random Cartesian poses around the target object and recording the sequences of wrist camera images
I¥7st and offsets between the current end-effector pose and an initial pose used for RL training.
The collected data contains only local information conditioned on the wrist camera which allows
the transition network to generalise to unseen target positions. Crucially, while an RL policy could
be trained with a wider initial state distribution, this is well understood in literature (Yamada et al.,
2020; Lee et al., 2020; Nair et al., 2018), to be sample inefficient. Instead, we train a skill transition
network using a labelled dataset collected in a self-supervised fashion which is akin to Behaviour
Cloning (Zhang et al., 2018).

3.3. Execution

The execution of the task can be completed from anywhere within the robot’s operational space to
any goal location. Execution follows four steps (see Figure 2) that are completed autonomously: (i)
goal identification via OCGM, (ii) MP, (iii) skill transition network, and (iv) RL policy.

Goal Identification via OCGM As MP requires a goal pose to plan a collision-free path through
the scene, we leverage the pretrained OCGM to identify the target object from the single demon-
stration D9°% and re-identify it in the current scene to specify the goal for MP. To identify the target
object from D9°% we first acquire a set of object-centric representations by encoding the first ex-
ternal camera image I 8“ in the demonstration D9°% (see Figure 3 (a)). We determine the target
object-centric representation z!"2! such that the object is present at the beginning of the trajectory,

target
i.e. p(24;) > 0.5 and such that it is the closest to the robot end-effector position a5 at the end

of the demonstration D9°* . To calculate the 3D position of objects in the robot’s reference frame,
the centre of the object mask predicted by the OCGM is converted to Cartesian coordinates using
the RGB-D camera’s depth plane and the known camera extrinsics. The closest object to the robot
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end-effector position at the end of the demonstration D9°% is calculated using Lo distance:

target = arg min || — 0|2 (1

j.j=1..N
where o, is the 3D object positions in the robot reference frame and NV is the number of objects dis-
covered by the OCGM in the scene I5™. In order to re-identify the target object in the current scene

see Figure , we compare the target object-centric representation z with each object-
(see Figure 3 (b) pare the target object-centric representation zj,af, with each object

centric representation 2}”}“” discovered in the new scene (see Figure 3 (b)) using the Lo distance
and choose the object that has the most similar representation:

swhat

hat swhat
Ztarge targ ;U ¢ H2 (2

t = arg min Hztarget -
j=1..N

MP + Transition Policy + RL Policy Using the target object’s pose 0¢4¢et in the robot’s reference
frame, we use an RRT-connect motion planner to guide the robot’s end-effector to the location of
the target object (see Figure 2 (b)). To avoid collisions during the MP phase, an occupancy map,
OctoMap (Hornung et al., 2013), is created using the point clouds captured by the calibrated external
camera. After the execution of MP, we leverage the trained skill transition network to guide the arm
into the initiation set of the skill (see Figure 2(c)) to maximise the outcomes of the RL policy.
Finally, the learned RL policy completes the manipulation task.

4. Experiments

Our experiments are designed to answer the following guiding questions: (1) does the use of an
OCGM achieve versatile and efficient target object identification for MP in the real world? (2) how
well does our system perform insertion tasks in obstructed environments? (3) does a skill transition
network increase task success rate?

4.1. Experimental Setup

Several insertion tasks, inspired by the NIST as-
sembly boards (Kimble et al., 2020), are used
within our experiments (see Figure 4). To ver-
ify the robustness of the target object identi-
fication using an OCGM, sockets and obsta-
cles with different colours and sizes are used.
In our experiments, we use a Franka Panda
robot (7-DOF robot arm) and rigidly attach
each connector to the robot’s end-effector simi-
lar to prior work (Luo et al., 2021). Each phase
of our framework uses different controllers: a
joint position controller to follow a trajectory
planned by the motion planner, a Cartesian pose controller for the skill transition network, and a
Cartesian velocity impedance controller for the RL policy. For each evaluation trial, the socket,
robot arm, and one or two obstacles are randomly placed in the robot’s operational space.

Given the pre-trained OCGM, for each insertion skill, our modular framework requires a total of
10 minutes of human-supervised demonstrations and a maximum of 130 minutes of unsupervised

RJ45 E-model

Figure 4: Insertion tasks. We evaluate our
framework on four insertion tasks. Each socket
is attached to a mount of varying size and colour
to demonstrate the versatility and efficiency of our
one-shot goal specification using an OCGM.
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VGA RJ45 E-model USB-A #Data Intervention
Method Accuracy WSI Accuracy WSI Accuracy WSI Accuracy WSI
Template matching 70.0% 54.7181.9% 35.0%  22.1/50.5% 87.5% 73.9/94.5% 55.0% 39.8/69.3% 1 yes
Feature-based matching  40.0% 26.3/55.4% 87.5% 73.9/94.5%  75%  2.6/199% 77.5% 62.5/87.7% 1 yes
Object-specific classifier 80.0% 65.2/89.5% 100.0% 91.2/100.0% 87.5% 73.9/94.5% 75.0% 59.8/85.8% 2.5K yes
OCGM identifier (Ours) 82.5% 68.0/91.3% 95.0% 83.5/98.6% 95.0% 83.5/98.6% 92.5% 80.1/974% 1 no

Table 1: Accuracy of target object identification. We evaluate our method and two baselines on
160 test scenes (40 scenes per connector), and report the accuracy, Lower Limit (LL) and Upper
Limit (UL) of the Wilson score interval (WSI) with confidence interval of 95%. While template
matching and object-specific classification requires human intervention, such as cropping a refer-
ence target object image and labelling training data, our OCGM identifier successfully identifies the
target object from only a single demonstration without such human intervention.

training comprising of: up to 90 minutes for RL policy training and 40 minutes for data collection
and training of the skill transition network.

4.2. Efficient and Versatile Target Object Identification

First, the OCGM identifier is evaluated against several baselines on 160 test scenes (40 for each of
the four sockets) with the target locations hand-labelled with bounding boxes for quantitative com-
parison. During testing, if the intersection of union (IoU) between a ground truth and the returned
bounding box from the tested algorithm is greater than 0.5, we count it as successful (Everingham
etal., 2015).

We evaluate our proposed goal identification approach against three baselines. Template match-
ing finds the target object in the current scene by calculating a correlation coefficient given a manu-
ally cropped target object reference image. Feature-based matching finds a pair of the best matched
keypoints between the manually cropped target object reference image and the current scene using
FLANN-based matching (Muja and Lowe, 2009) and SIFT descriptor (Lowe, 2004). Object-specific
classifier trained on a dataset of manually cropped object images with binary labels, is queried with
cropped images found using a region proposal method (Uijlings et al., 2013). Lastly, we evaluate
our method by retrieving the minimum bounding box of the target object mask predicted by the
OCGM.

Results. We report the accuracy of target object identification in Table 1. Our method achieves
commensurate or better performance compared to other baselines, whilst not requiring human inter-
vention or an object-specific dataset needing laborious manual data labelling. This result motivates
the use of OCGMs for efficient goal acquisition for MP. The occlusion of objects that are sometimes
considered as one object in APEX can lead to unsuccessful object-centric representation matching,
resulting in a failure to identify the target. Also, if the object shape and colour look similar in an
image, object-centric representation matching may fail. Template matching often struggles to find
a target object with high confidence, potentially due to the complex scene composition and slanted
third-person camera angle (see Fig. 1). Feature-based matching also shows a lower success rate
for several objects due to a lack of distinguishing features, especially for small objects in a scene.
The object-specific classifier, on the other hand, generally performs well because it is tailored to
a single object, and could be further improved by collecting more data. However, such classifiers
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Figure 5: Real-world industrial assembly tasks in obstructed environments. The OCGM is used
to specify a goal for MP, followed by a skill transition network and a learned RL policy. Our method
successfully solves complex manipulation tasks with a high success rate.

require re-training on a new dataset manually labelled for each new object, limiting the versatility
and efficiency of goal specification.

VGA RJ45 E-model USB-A

Method Success WSI Success WSI Success WSI Success WSI

SAC 0.0% 0.0/16.1% 0.0% 0.0/16.1% 0.0% 0.0/16.1% 0.0% 0.0/16.1%
MP + Demonstration Replay  3.3% 1.0/16.7%  0.0% 0.0%/16.1% 33% 1.0/16.7% 0.0% 0.0/16.1%
MP + BC 16.7% 7.3%/33.6% 16.7 7.3/33.6% 23.3% 11.8/40.9% 26.7% 14.2/44.5%
MP + Heuristic 10.0%  3.5/25.6% 16.7 7.3/33.6% 36.7% 21.9/54.5% 43.3% 27.4/60.8%
MP + RL w/o skill transition 73.3% 55.6/85.8% 46.7% 30.2/63.8% 80.0% 62.7/90.5% 70.0% 52.1/83.3%
MP + RL (our method) 86.7% 70.3/94.7% 83.3% 66.4/92.7% 93.3% 78.7/98.2% 96.7% 83.3/99.4%

Table 2: Real-world assembly results. We report the success rate, Lower Limit (LL) and Upper
Limit (UL) of the Wilson score interval (WSI) with confidence interval of 95% over 30 trials. Our
method outperforms, by a significant margin, all of the other methods including a state-of-the-art
RL method and several comparable instantiations of our method.

4.3. Insertion Tasks in Obstructed Environments

We evaluate our proposed system on several insertion tasks in obstructed environments against a
series of baselines composed of competing methods. All baselines that utilise MP make use of the
OCGM for target object identification. For each task, we conduct 30 trials and report the success rate
in Table 2. Figure 5 illustrates the execution of our method for each insertion task in the obstructed
environments.

We compare the performance of our approach against a state-of-the-art RL algorithm and four
comparable instantiations of our approach. Soft Actor-Critic (SAC) a state-of-the-art RL algorithm
that predicts the desired Cartesian velocity from sparse rewards, trained with the same number of
environmental interactions as our proposed method and similarly with 25 demonstrations preloaded
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into the replay buffer, following FERM (Zhan et al., 2020). MP+Demonstration Replay substitutes
replaying a single expert demonstration for the learned RL policy execution in our method, inspired
by previous work (Johns, 2021). MP+BC replaces the learned RL policy in our method with Be-
haviour Cloning (BC) (Zhang et al., 2018), trained from 25 demonstrations. MP+Heuristic uses a
manually designed heuristic policy (Luo et al., 2021) instead of the learned RL policy in our method
to solve the task. Lastly, we evaluate our method without a skill transition network (MP+RL w/o
skill transition) for comparison.

Results. As described in Table 2, our method (MP+RL) as outlined in Section 3 records the high-
est success rate for all tasks. The results for the SAC baseline show that it is unable to solve any
of the tasks, likely because it requires a large number of samples to train the policies in the robot’s
operational space with obstructions. MP+Demonstration Replay is the most data-efficient method,
however, it mostly fails to solve any of the tasks because it requires very accurate estimation of pose
offsets for the demonstration replay to be successful. MP+BC is another efficient skill acquisition
method because it does not require any additional interactions with the environments other than
the given demonstrations to learn manipulation skills. However, due to the narrow state coverage,
it struggles to solve the tasks. While MP+Heuristic is able to solve some insertion tasks, such as
USB-A and E-model, almost one-third of the time, it fails to solve the tasks the majority of the time
due to the need for accurate pose offset (the same reason for failure as MP+Demonstration Replay).
While our method achieves high success rate over 4 industrial insertion tasks, the main failure case
is caused by the misidentification of the target object by the OCGM. These failure modes can be
readily eliminated by extended and/or augmenting the OCGM training.

Examining whether the transition network is useful for our system to solve complex manipula-
tion tasks in obstructed environments (see Table 2), the results verify that using the skill transition
network results in higher success rates than without the skill transition policy. Due to errors caused
by the OCGM, camera extrinsics and estimation of the 3D goal poses, a terminal state of MP can
often be outside of the initiation set of the learned RL skill. Therefore, by introducing the skill
transition module to move the robot arm into the initiation set of the skill, we can mitigate these
issues and achieve better performance.

5. Conclusion

In this work, we propose a modular system that leverages an OCGM for one-shot goal identification
and re-identification as a vital component to combine MP and RL to solve complex manipulation
tasks in obstructed environments. Specifically, the OCGM extracts a target object from only a
single demonstration and re-identifies the object to determine a goal pose for MP without the need
of fine-tuning on an object-specific dataset. The experimental results show that our method for
goal specification using an OCGM achieves better versatility and comparable accuracy to other
tested baselines. In addition, our method successfully solves real-world insertion tasks in obstructed
environments from few demonstrations.

While the rotation around the z-axis of the sockets is consistent across all of the evaluation
trials, we can readily extend our system to accommodate cases where the socket is rotated. We leave
this extension to future work and anticipate overcoming the orientation misalignment by extending
the skill transition network to additionally predict a z-axis displacement, correctly orientating the
peg with respect to the socket. Any further small orientation errors could be overcome using an
impedance controller and an RL policy trained with small perturbations in the z-axis orientation.

10
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Appendix A. Pre-training Details
A.1. APEX Training Details and Hyperparameters

We collect a synthetic dataset consisting of 30K trajectories each of which has 10 to 15 frames
simulated using RLBench James et al. (2020). In each trajectory, a robot randomly pushes objects
on a table. To apply the pre-trained APEX to the real world, we add a small amount of noise, ranging
from 1cm to —1cm, to the Cartesion camera position in the simulation so that the background texture
changes slightly for each trajectory and prevents APEX from overfitting to the specific background
texture. Table 3 shows hyperparameters of APEX. For further details, see prior work Wu et al.
(2021).

Table 3: APEX hyperparameter

Parameter ‘ Value ‘
Observation Rendering (128, 128), RGB
Optimizer Adam
Learning rate le-4
horizon 10
Image size 128
Foreground std 0.11
Background std 0.04
KL divergence for z,pq¢ 3e-4
KL divergence for zypere 15
KL divergence for z,,. (discovery) 32
KL divergence for 2z, (tracking) 1
Background reconstruction loss weight 10
foreground reconstruction loss weight 1

Appendix B. In-Situ Training Details
B.1. RL Training Details and Hyperparameters

We define a sparse reward function such that a policy receives 1 when the L2 distance between
robot’s end-effector pose and the pre-defined target pose is within a small tolerance of 0.8cm for
VGA and 1cm for the other insertion tasks. The policy and critic take as input a wrist camera
image, Cartesian velocity, and F/T sensor values of the end-effector. The critic also takes as input
an action sampled from the policy. The architecture of the policy and the critic includes a CNN
for processing the wrist camera image followed by a concatenation with state information. The
concatenated features are fed to the policy and critic feedforward neural networks with the outputs
being actions and values respectively. Similar to FERM Zhan et al. (2020), we apply random crops
and brightness changes to the image observations to acquire a robust policy efficiently. The policy
runs at 10Hz and we find that this is sufficient for completing the complex insertion tasks. Table 4
shows hyperparameters for the RL policy training.
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Table 4: FERM hyperparameter

Parameter Value
Optimizer Adam
Task horizon 50
Learning rate le-3
Discount factor () 0.99
Replay buffer size 10%
Latent dimension 50
Convolution filters 8,16, 32, 64]
Convolution strides (2,2,2,2]
Convolution filter size 3
Hidden Units (MLP) [128]
Nonlinearity Leaky ReLU
Target smoothing coefficient (7) 0.005
Target update interval 2
Actor update interval 2
Network update per environment step 10

B.2. Transition Network Details and Hyperparameters

The dataset for the transition network is collected by uniformally sampling a Cartesian offset from
within +5cm of the initial position used for RL training. The robot takes 15 linear steps between the
initial position used for RL training and the sampled offset, recording both the wrist camera image
and the current offset. After collecting 100 trajectories, in less than 30 minutes, the skill transition
network can be trained.

B.3. Baseline Details - SAC

To train a policy with SAC Haarnoja et al. (2018) from scratch using FERM Zhan et al. (2020), we
randomly place a socket and one or two obstacles from a set of four obstacles on a table. Then,
we define a reward function for collision avoidance in addition to a sparse reward for solving the
insertion task within the entire operational space of the robot:

R=1I[s €S, —0.005- I[s € Seoyl] 3)

where S, and S, are a set of goal states and states involving collisions and [ is an indicator
function. Furthermore, the policy also takes as input an image from the external camera in addition
to a wrist camera image. We use the same hyperparameters described in Table 4 except that the task
horizon of 250 is used for the baseline RL policy to solve the tasks in the entire workspace of the
robot.
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B.4. Baseline Details - MP + Heuristic

We design a heuristic policy for insertion tasks, inspired by previous work Luo et al. (2021) that
utilises the F/T sensor data. The heuristic policy first moves the end-effector downwards until the
arm contacts an object. Then, the arm follows an outwards spiral pattern on a 2D plane to find the
socket hole. Finally, after the connector is aligned with the hole, the arm moves downwards again
with a small circular movement in the X-Y plane to insert the connector into the socket.
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3.1 Limitations and Future Work

The proposed method efficiently solves contact-rich insertion tasks in obstructed
environments with a high success rate by combining motion planning, an object-
centric generative model, and an RL policy trained from only a few human
demonstrations and autonomous interaction with the environment. Prior work
either restricts the robot to a limited task space suitable for RL or relies on
object-specific goal predictors to combine motion planning and an RL policy. On
the other hand, this work enables operation across the entire workspace of the
manipulator and achieves versatile one-shot target object identification by leveraging
APEX [35], an object-centric generative model, to combine motion planning and a
learnt RL policy. However, similar to several prior works [104} [184], the proposed
system still requires a rigid attachment between the connector and the robot’s
end-effector. To address this limitation, a promising solution is to leverage more
sample-efficient RL methods 108} [109] that can learn contact-rich manipulation
tasks using a small number of demonstrations, with occasional human intervention
to correct policy errors during the exploration phase. Alternatively, the task can
be decomposed into grasping and insertion subtasks, where motion planning is
used to reach the target object for each subtask, while a learning-based policy
handles the contact-rich interactions with the object.

Although the successful sim-to-real transfer of APEX demonstrates effective
one-shot object identification and re-identification, most object-centric generative
models remain limited in their ability to represent objects with complex geometries,
which are largely excluded from the current experiments. A recent approach,
SlotDiffusion [155], offers a promising direction for addressing these limitations by
learning richer representations of objects with complex geometries.

Another limitation of object-centric generative models is that they often produce
coarse segmentation masks of the target object. To address this, a promising
direction involves integrating them with semantic segmentation models such as

Segment Anything Model (SAM) [185, |186], which can provide more accurate
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masks. Although SAM typically relies on user-provided prompts, either textual
or pixel-based, object-centric generative models can automatically identify the
target object and sample relevant pixels for it to use as queries for SAM. This
integration has the potential to enable more accurate and fully automated semantic
segmentation within robotic manipulation systems.

Furthermore, perceptual robustness under realistic industrial conditions remains
an open challenge. Highly reflective metal components under strong illumination,
partial occlusions, or very small objects may degrade object identification, particu-
larly when relying on a fixed third-person camera. In such cases, active exploration
may be required to obtain more informative observations for OCGM, for example,
by repositioning a wrist-mounted camera to inspect the scene from a closer range or
more favourable viewpoints, rather than relying solely on a static external camera.

Another challenge arises during execution when the target object’s visual observ-
ability is lost. The current formulation assumes that sufficient visual information
about the target object remains within the field of view of the wrist-mounted camera
at the beginning of the transition phase. If the target object moves during planning
or due to perception error and falls outside the camera’s view, the transition
network cannot reliably predict corrective offsets. Addressing this issue may require
strategies to maintain the target object’s visibility, for example, by leveraging
third-person camera observations in addition to the wrist-mounted camera to
re-identify the target object.

Lastly, while the learnt RL policy effectively solves contact-rich insertion tasks
in cluttered tabletop environments, extending it to more complex scenarios, such
as manipulating objects on a shelf, remains challenging due to potential collisions
with the environment. Moreover, the RL policy must be trained separately for each
plug—connector pair and does not generalise to novel objects. These limitations are
addressed in Chapter [4] which introduces a framework for safe and generalisable
closed-loop visual grasping in cluttered environments, including both tabletop

and shelf settings.



Grasp-MPC: Closed-Loop Visual Grasping
via Value-Guided Model Predictive Control

Inspired by the unification of motion planning and learning-based policy in Chapter [3]
this chapter extends the framework by replacing a learnt RL policy with model
predictive control (MPC). The RL policy used in the system presented in Chapter
struggles in constrained environments, such as grasping an object on a shelf where
collisions with the surroundings are likely. In contrast, this chapter introduces Grasp-
MPC, which integrates MPC with a learnt value function to enable generalisable,
reactive, and safe grasp execution in cluttered settings, including both tabletop
and shelf environments.

Grasping is a fundamental manipulation skill that allows robots to perform
a wide range of downstream tasks, including insertion and assembly. Current
state-of-the-art grasping approaches are broadly categorised into open-loop and
closed-loop methods, each with distinct strengths and limitations.

Open-loop approaches [37-40] typically rely on a 6-DoF grasp pose prediction
model trained on large-scale synthetic datasets with annotated grasp poses [41].
These methods predict a desired grasp pose for the target object, followed by
motion planning to guide the robot arm toward the desired pose. While effective
for grasping novel objects in diverse and cluttered environments, they remain
susceptible to prediction errors and are unable to handle moving objects due to the

lack of feedback during motion. To mitigate this limitation, two complementary
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strategies can be considered. One approach is to employ an object tracking model,
such as FoundationPose [187], to maintain continuous pose estimation throughout
execution. However, such methods typically require access to the object mesh or
multiple reference views, which limit their applicability. Alternatively, the desired
grasp pose can be iteratively updated using the grasp prediction models; however,
successive predictions may deviate significantly from previous targets due to the
stochasticity of the models or change in visual observations, introducing abrupt
command changes and causing unstable robot execution.

In contrast, closed-loop approaches, commonly based on RL [42-44] or IL [45,
46], enable reactive control through continuous feedback. However, these methods
often remain limited to simplified scenarios, such as grasping isolated objects on
clean tabletops, and exhibit poor generalisation.

To address these limitations, this chapter introduces Grasp-MPC, a framework
that combines the strengths of open-loop and closed-loop control for 6-DoF grasping
of novel objects in cluttered environments (see Chapter , Fig. 1). Grasp-MPC
leverages an off-the-shelf grasp pose prediction model to generate a (potentially
noisy) pre-grasp pose. A motion planner then guides the robot toward the predicted
pre-grasp pose, inspired by the system in Chapter [3| Crucially, instead of executing
this open-loop linear motion from the predicted pre-grasp to grasp poses, Grasp-
MPC' employs MPC to execute closed-loop grasping as well as incorporating
visual feedback.

In particular, Grasp-MPC incorporates a learnt value function as the task
cost within the MPC optimisation to leverage the strengths of model-based and
data-driven approaches. This value function is trained on a large-scale dataset of
synthetic grasp trajectories, including both successful and failed attempts, enabling
it to learn discriminative features that are predictive of grasp success. This approach
avoids the limitation of geometric costs (e.g., distance to the predicted grasp pose),
which are sensitive to the prediction error of the grasp pose prediction model,

similar to the open-loop approaches.
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By using MPC for action selection, Grasp-MPC' enables real-time, feedback-
driven execution that respects constraints such as collision avoidance and trajectory
smoothness (e.g., minimum jerk), allowing the system to adapt dynamically to
environmental changes. This capability makes it particularly well-suited for reactive
grasping of moving objects, as well as for safe and reliable grasp execution in
cluttered environments. To enable real-world deployment, Grasp-MPC' utilises
Model Predictive Path Integral (MPPI) [12] implemented in CuRobo [78], a GPU-
accelerated MPC framework.

Through comprehensive simulated experiments on the publicly available Fetch-
Bench tasks [46], Grasp-MPC' achieves performance comparable to an open-loop
approach when provided with ground-truth grasp annotations, which serve as an
oracle baseline. Under noisy grasp pose inputs, Grasp-MPC maintains a high
grasp success rate and outperforms all baselines, including state-of-the-art IL and
offline RL methods, while the performance of the open-loop baseline degrades
significantly. Using grasp poses predicted by M2T2 [38], Grasp-MPC' continues
to surpass all baselines in terms of grasp success. In real-world experiments
with a UR10 robot, Grasp-MPC' is evaluated against the open-loop baseline
across three settings: a clean tabletop, a cluttered tabletop, and a cluttered shelf
environment. Grasp-MPC achieves a 74.4% average success rate across these
scenarios, significantly outperforming the open-loop baseline at 41.1%, thereby
demonstrating its effectiveness in practical applications. Additionally, Grasp-MPC
is successfully deployed in dynamic object grasping tasks, where it tracks and grasps
moving objects, a capability inherently unsupported by the open-loop baseline.

In this chapter, in addition to leveraging motion planning to avoid obstacles and
navigate the robot to the target object, the unification of MPC and learning-based
approaches enables safe and generalisable closed-loop visual grasping in cluttered

environments. In summary, this chapter presents the following contributions:

1. Grasp-MPC, a safe, generalisable, closed-loop visual grasping framework

capable of handling novel objects in cluttered environments.
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2. Integration of model-based control and data-driven approaches by incorporat-
ing a learnt grasp value function as a cost into MPC, enabling reactive and

constraint-aware grasp execution in dynamic, cluttered settings.

3. Collection of a large-scale synthetic dataset comprising over 2 million grasp
trajectories, 115 million states, and 8, 515 unique objects from the Objaverse

dataset [188].

4. Comprehensive empirical validation through simulated and real-world ex-
periments, demonstrating that Grasp-MPC' significantly outperforms both

open-loop and closed-loop baselines in terms of grasp success.

Jun Yamada, Adithyavairavan Murali, Ajay Mandlekar, Clemens Eppner, Ingmar

Posner, Balakumar Sundaralingam (2026). Grasp-MPC: Closed-Loop Visual Grasp-
ing via Value-Guided Model Predictive Control, IEEFE International Conference
on Robotics and Automation (ICRA)



Grasp-MPC: Closed-Loop Visual Grasping via
Value-Guided Model Predictive Control
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Fig. 1: Grasp-MPC overview. A large-scale synthetic grasp trajectory dataset is generated in simulation using a motion planner,
collecting only trajectories between pre-grasp and ground-truth grasp poses across 8K Objaverse objects. A value function is
trained using a sparse cost label given the target object’s point cloud and the end-effector pose. The learned value function is
used in an MPC framework, enabling robust and safe grasping of novel objects in cluttered environments.

Abstract—Grasping of diverse objects in unstructured envi-
ronments remains a significant challenge. Open-loop grasping
methods, effective in controlled settings, struggle in cluttered
environments. Grasp prediction errors and object pose changes
during grasping are the main causes of failure. In contrast,
closed-loop methods address these challenges in simplified set-
tings (e.g., single object on a table) on a limited set of objects,
with no path to generalization. We propose Grasp-MPC, a closed-
loop 6-DoF vision-based grasping policy designed for robust and
reactive grasping of novel objects in cluttered environments.
Grasp-MPC incorporates a value function, trained on visual
observations from a large-scale synthetic dataset of 2 million
grasp trajectories that include successful and failed attempts.
We deploy this learned value function in an MPC framework
in combination with other cost terms that encourage collision
avoidance and smooth execution. We evaluate Grasp-MPC on
FetchBench and real-world settings across diverse environments.
Grasp-MPC improves grasp success rates by up to 32.6% in
simulation and 33.3% in real-world noisy conditions, outper-
forming open-loop, diffusion policy, transformer policy, and IQL
approaches. Videos and more at http://grasp-mpc.github.io.

I. INTRODUCTION

Grasping is a foundational capability in robotics, serving as
a prerequisite for physical interaction and subsequent complex
manipulation tasks. However, despite decades of research,
grasping remains unsolved, particularly when dealing with
novel objects in cluttered scenes. State-of-the-art grasping
methods can broadly be categorized into open-loop and closed-
loop approaches, but both fall short of meeting the require-
ments of robust grasping in unstructured environments. Open-
loop methods, which rely on grasp pose prediction models [1],
[2], [3], [4], use motion planning to reach predicted grasp
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poses. Although demonstrating notable performance in grasp-
ing novel objects, these approaches are inherently unable to in-
corporate real-time feedback to adjust their goals, making them
sensitive to grasp pose prediction errors and changes in object
pose. On the other hand, closed-loop policies, including those
based on reinforcement learning (RL) and imitation learning
(IL), address some of these shortcomings by incorporating
feedback during execution. However, prior approaches [5],
[6], [7], [8] are often limited to simplified settings, such as
tabletop environments, and exhibit poor generalization to novel
objects, primarily due to the absence of large-scale grasp
trajectory datasets for diverse objects. More importantly, safety
considerations, such as collision avoidance in cluttered scenes,
remain largely unaddressed during development.

To address these, we introduce Grasp-MPC, a framework
that combines the strengths of open-loop and closed-loop
methods for 6-DoF grasping in cluttered, novel-object set-
tings. Grasp-MPC unifies model- and data-driven approaches
by leveraging model predictive control (MPC) with a value
function learned from data as a task cost function. Grasp-
MPC uses a grasp prediction model and motion planning,
similar to open-loop methods, to reach (noisy) pre-grasp poses.
It addresses prediction errors and object pose changes by
employing MPC for closed-loop execution, enabling real-
time feedback while enforcing constraints such as collision
avoidance and minimum jerk.

Furthermore, Grasp-MPC addresses a key challenge in
applying MPC to grasping: designing a cost function that
meaningfully captures grasp success. Traditional geometric
cost functions based on distances to predicted grasp poses are
sensitive to prediction errors and fail to exploit MPC’s full
closed-loop capability. To overcome this, Grasp-MPC lever-
ages a vision-based value function, trained on large-scale



synthetic grasping trajectories with Objaverse objects [9] using
visual observations and sparse success labels (Figure 1). This
value function predicts the likelihood of grasp success and
serves as a task cost in MPC, guiding the robot to explore the
state space toward successful grasps.

To this end, this work makes the following contributions:

1) Grasp-MPC, a safe closed-loop visual grasping policy
for novel objects in cluttered environments.

2) Grasp-MPC unifies model-based control and data-driven
approach by integrating a learned grasp value function
into an MPC framework, enabling reactive, constraint-
aware grasp execution in dynamic and cluttered environ-
ments.

3) A large-scale synthetic grasp trajectory dataset com-
prising over 2M trajectories, 1156M states, and 8515
unique Objaverse objects, supporting scalable learning
of a generalizable value function.

4) Extensive real-world and simulated evaluations show
that Grasp-MPC significantly outperforms SOTA open-
loop and closed-loop methods.

II. RELATED WORKS

Grasping. A significant body of research has focused on
learning grasp prediction models [1], [3], [2], [10], [11],
typically paired with motion planning for execution. These
methods often rely on synthetic datasets with grasp anno-
tations [12], enabling scalable training in simulation. While
effective for novel objects, open-loop approaches suffer from
prediction errors and lack feedback integration, limiting real-
world robustness. In contrast, closed-loop policies learned via
RL [5], [6], [7], [8] and IL [13], [14] address these issues,
but often face challenges with sample inefficiency, limited
generalization, and perform only in a clean tabletop.

Prior work [15], [16], [14] combines motion planning
with learned policies for obstacle-aware manipulation. Fetch-
Bench [14] uses a Transformer-based IL policy [17] with
motion planning for grasping in clutter, but performance is
limited by dataset size and diversity. In contrast, we generate
a large-scale grasping trajectory dataset, 100x larger than [14],
enabling better generalization.

Model Predictive Control for Robotic Manipulation.
Model Predictive Control (MPC)[18], [19], [20] is a powerful
framework for robotic control, enabling closed-loop optimiza-
tion using real-time feedback. However, applying MPC to
grasping is challenging, as it requires a cost function that
captures the nuances of grasp success [21]. Even with a
target grasp pose from a prediction model, MPC remains
vulnerable to errors, much like open-loop methods. Recent
work integrates learning with MPC to tackle challenges by
learning dynamics [22], [23], [24], [25], cost functions [26],
[27], [25], [28], [21], and sampling distributions [29], [30].
Chen et al. [21] propose a distance-based value function using
a predicted grasp pose, but this overlooks key factors for grasp
success, leading to suboptimal results. CV-MPC [26] learns
value ensembles from few demonstrations but rely on low-
dimensional states, limiting generalization. In contrast, Grasp-

MPC learns a value function from large-scale synthetic trajec-
tories using point cloud observations and sparse success/failure
labels, addressing these limitations.

Offline RL Offline RL [31], [32], [33] enables policy
learning using offline datasets without environment interaction,
leveraging both successful and failure trajectories to improve
policies. However, policy extraction often represents a bot-
tleneck in the learning process rather than value function
estimation, as discussed in prior work [34]. On the other
hand, Grasp-MPC does not need to extract the policy from
the learned value function because Grasp-MPC uses MPC as
a policy that can explore and exploit states to minimize the
learnt cost represented by the value function.

III. PRELIMINARIES

Problem Formulation. We formulate grasping as a Partially
Observable Markov Decision Process (POMDP). A trajectory
is defined as 7 = (x¢,as,Ct, X1, Qp41, Ctr1,--. ), Where
X € X are observations, a € A actions, and ¢ € C costs.
The offline dataset contains N trajectories {7°}% ,, comprising
both successes and failures. The objective is to minimize the
discounted cumulative cost J(7) = St/ =ty ¢(xy, a,),
with discount factor ~.

Dynamics Model for Model Predictive Control. MPC
samples action sequences and plans future states to select the
next action that minimizes cost in real time, given a dynamics
model. In this work, MPC optimizes for joint accelerations
with Euler integration as the dynamics model. We assume that
the real robot can track the generated joint position, velocity
and acceleration targets accurately using a low-level controller,
for example, an inverse dynamics controller, similar to prior
work [35]. The environment is not explicitly modelled; thus,
its dynamics, including those of objects, are unknown a priori.

IV. APPROACH

Grasp-MPC leverages a large-scale grasp trajectory dataset
generated in a simulation (Section IV-A) to train a value
function (Section IV-B). Then, the learned value function
serves as a cost function within MPC (Section IV-C), en-
abling robust and safe closed-loop grasping that generalizes
to novel objects. At deployment, Grasp-MPC is integrated
with a grasp pose prediction model and motion planning to
operate in cluttered environments (Section IV-D). Lastly, the
implementation details of the value function and MPC are
described in Section IV-E.

A. Data Generation

A diverse set of grasp trajectories is generated using 8515
Objaverse objects [9] (see Figure 1). Grasp-MPC operates
from pre-grasp poses, estimated using an off-the-shelf grasp
pose prediction model (Figure 2 (1)), which provides a rough
estimate of viable grasp poses. Thus, each grasping trajectory
is generated to move from a pre-grasp pose to the correspond-
ing ground-truth grasp pose. The grasp pose annotations are
from the GraspGen dataset [36], where candidates are gener-
ated via antipodal sampling, similar to ACRONYM [12]. For



(1) Grasp pose prediction

(2) Motion planning to pre-grasp pose

(8) Grasp-MPC execution

Fig. 2: Grasp-MPC Pipeline. Grasp-MPC seamlessly integrates off-the-shelf grasp prediction and motion planning with an MPC
that incorporates a learned grasp value function, enabling grasping in cluttered scenes. The pipeline involves: (1) predicting
grasp and pre-grasp poses using a fixed offset and filtering out in-collision poses via IK; (2) planning a trajectory to a collision-
free pre-grasp pose; and (3) executing actions from the pre-grasp to grasp the object.

each object, 2K grasp transformations are uniformly sampled
around the mesh. All sampled poses are evaluated in Isaac Sim
to determine physical feasibility and are labeled accordingly as
feasible or infeasible. Pre-grasp poses are derived by applying
a fixed 15cm offset from each annotated grasp pose. To
increase data coverage, we add random translation noise sam-
pled from #/(—0.04cm, 0.04cm) and orientation noise from
U(—0.047,0.047).

We generate motions from the perturbed pre-grasp poses
to the grasp poses using motion planning with CuRobo [37].
Trajectories that successfully reach physically feasible grasp
poses are labelled as successful, whereas those planned toward
infeasible grasp poses are labelled as failures. Incorporating
both successful and failed trajectories allows the value function
to learn grasp success likelihoods across the entire distribution
of candidate poses (see Section IV-B). We do not validate
these trajectories with simulation to accelerate data collection.
Up to 256 trajectories are collected per object, with early
termination if motion planning repeatedly fails. Each sample
includes object poses TZ’;]” , and end-effector poses TZE, . In
total, we collect 2,105,296 trajectories (115M data points),
averaging 55 steps per trajectory, with lengths ranging from
31 to 233 steps. 70.2% of the collected trajectories reach a
successful grasp, and the remaining trajectories are labeled as
failures.

B. Value Function Training for Grasping

Grasp-MPC uses a value function as a cost for guiding MPC
in grasping. The value function takes as input x consisting of a
segmented object point cloud and the end-effector pose relative
to the point cloud centroid, Tobgf . To standardize inputs, we
center the point cloud by subtracting its mean. This setup
allows Grasp-MPC to generalize across the workspace using
only local information. The collected trajectories are labeled
with sparse costs, with terminal and near-terminal states in
successful grasp trajectories labeled as 0, and all others as 1.
In particular, the cost ¢; as timestep ¢ is defined as:

= 0 |qgoal,i - qt,il < 56_37 V’L, and ILfeasible = ]-7
‘ 1 Otherwise
(1

(a) (b)

Fig. 3: Visualization of the learned value function. (a) Costs

along trajectories for feasible ( ) and infeasible (red)
grasps, with higher final costs for infeasible poses. (b) Es-
timated values around a target grasp pose by varying  and y
while fixing orientation; red indicates higher values and
lower values.

where ¢;; and qgoq1,; are the i-th joint positions at time ¢
and the goal, respectively, and 1 ycqsipc indicates whether the
trajectory corresponds to a feasible grasp.

A value function V'(x;) is then trained to approximate the
expected cost-to-go, defined as V' (x;) = E,[J(7)]. The value
function is trained using the Bellman error objective [38]:

Y =ct + YV (Xt+%) 2

Uy xe, ¢, x041) = (g — Vis(xt)) (3)
¢* = arg(;,nin ]E(Xt,C,Xt+1) [E(d)a Xt Gy Xt+1)}

“)

where y; is the one-step target consisting of the immediate cost
¢; and the discounted value of the next state Vi (x¢41) from
the target value function with exponential moving average of
parameters ¢. We set the discount factor to v = 0.99, and the
exponential moving average uses a rate of 5 x 1072, Figure 3
presents a visualization of the learned value function. The
estimated value (cost) is lower (depicted in light green) around
the target grasp pose, facilitating MPC in guiding the robot
toward a successful grasp pose.

C. Integrating a Value Function as a Grasp Cost within MPC

Grasp-MPC uses learned value function as costs to guide
MPC in minimizing grasping cost during online deployment.



The value function approximates the expected cost-to-go,
which are integrated into the MPC objective to select control
inputs. However, MPC may sample out-of-distribution actions,
leading to unreliable cost estimates and reduced performance.
To mitigate this, prior work [26], [39], [33] constrains MPC
using pessimistic upper bounds derived from ensembles to
avoid unsupported states. In our setting, ensembles do not yield
performance improvements, as the large-scale synthetic data
already covers a wide distribution of states (see Section V-D).
Thus, in this work, the following objective is employed:

Cgrasp(XhGH) = Zztsleglyt/_t‘/@(xt’) (5)
We use Model Predictive Path Integral (MPPI) [40], a
sampling-based MPC, implemented in CuRobo [37] to achieve
real-time control. At each control step, MPPI samples N
action sequences from a Gaussian distribution, rolls them out
in parallel, evaluates the trajectories under a cost function,
and computes an importance-weighted update to refine the
control sequence. The first action of the optimized sequence
is executed, and the horizon is shifted forward in a receding-
horizon manner. Grasp-MPC augments standard MPC costs
(e.g., minimum jerk, collision) with a value-based grasp cost.
In particular, we integrate the grasp cost into CuRobo, and
define the final cost as:

CGrasp—MPC = Ocurobo + wcgrasp (6)

where Cloyuropo 1S a set of CuRobo’s default costs. w is a
weight for the pessimistic cost function, which we set to
1000. The cost term Cl.,,r-0bo in CuRobo consists of three main
constraints: (1) joint limits on position, velocity, acceleration,
and jerk; (2) self-collision avoidance; and (3) robot-world
collision avoidance.

D. Grasp-MPC Deployment

At deployment, Grasp-MPC is combined with an open-loop
grasp pose prediction model [1] and motion planner [37]. The
grasp prediction model generates grasp poses for the target
object. Pre-grasp poses are obtained by moving a negative
distance along the gripper’s approach vector. For real-world
experiments, the standard 10cm offset distance [1], [41] is
used. For simulation experiments in Fetchbench [14], 6cm
offset is used, reduced from the standard 10cm due to insuffi-
cient clearance in many benchmark scenes, but increased from
the original paper’s 4cm, which is too restrictive. Feasible,
collision-free pre-grasp poses are verified via a goalset motion
plan, and the robot moves to the selected pre-grasp pose using
the motion planner. Once positioned, Grasp-MPC grasps the
object with feedback of the robot state, segmented object
pointcloud, and the world signed distance field.

E. Implementation

While Grasp-MPC is compatible with any sampling-based
MPC library, we specifically employ MPPI [40] implemented
in CuRobo[37], a GPU-accelerated MPC framework, to enable
fast and efficient real-time control. The value function consists
of a PointNet++ [42] for point cloud input and an MLP for

AR
~
.A

Fig. 4: Simulated environments. Grasp-MPC is extensively
evaluated in FetchBench [14] environments.

proprioception. Their outputs are concatenated and passed
to an MLP head to output a value. A softplus activation
ensures positive value predictions. Training uses both full
and partial point clouds, with partial views rendered from
randomly placed virtual cameras. Gaussian noise is added for
robustness to real-world noise. The value function is trained
with a mini-batch size of 1536, where 32 distinct object point
clouds are sampled and 48 states are sampled for each object
point cloud. The training procedure was conducted on a single
RTX 4090 GPU for six days, using a learning rate of 1 x 107%.

V. EXPERIMENTAL RESULTS: SIMULATION

In this section, we evaluate Grasp-MPC and competitive
baselines in simulated environments designed to test grasping
capabilities in cluttered settings. The experiments address:
(1) How well does Grasp-MPC grasp unseen objects using
ground-truth grasp poses? (2) How robust is it to perturbed
ground-truth poses? (3) How does it perform with predicted
grasp poses?

A. Experiment Setup

Grasp-MPC and baselines are evaluated in simulation using
a UR10 robot with a Robotiq 2F-140 gripper. Evaluations are
based on FetchBench [14] (Figure 4), adapted to use Isaac Sim
for improved physics and closed-loop gripper modeling. All
objects are novel and consist of both procedurally generated
objects and the ACRONYM objects [12]. Three cameras
capture point clouds, and the one with the greatest coverage
of the target object is selected to provide observations to
the policy. Experiments span 90 scenes (60 problems each),
resulting in 5,400 test cases. A 6¢m offset is used to compute
pre-grasp poses from the grasp poses.
Evaluation Metrics: The evaluation uses the metric Grasp
Success, defined as lifting the object at least 1cm. Since the
task involves motion planning to reach the pre-grasp pose,
this metric accounts for motion planning failures by excluding
trials where moving to the pre-grasp pose failed.
Baselines: Grasp-MPC is compared to the following:

o Open-Loop Linear: The end-effector moves linearly
from the pre-grasp to the desired grasp pose. Operational
Space Control [43] implemented in FetchBench is used.

o Transformer Policy A Transformer-based policy, in-
spired by the architecture used in OPTIMUS [17], and
included as a baseline in FetchBench [14].

« Diffusion Policy (DP): A diffusion policy [44] that takes
point cloud observations as input, which is considered
one of the state-of-the-art IL approaches.
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e IQL: A policy trained with Implicit Q-Learning
(IQL) [32], a state-of-the-art offline RL method.

All methods, including Grasp-MPC, use CuRobo’s motion
planner to generate a trajectory from the robot’s initial position
to a pre-grasp pose. The robot then attempts to grasp the object
using one of the above methods. IL policies are trained only
on successful trajectories.

B. Grasp Execution with Grasp Pose Annotations

Grasp pose annotations for objects in the Fetchbench en-
vironments were generated for the Robotiq 2f-140 following
ACRONYM [12]. Up to 200 kinematically valid, collision-
free grasp poses are randomly sampled during evaluation,
from which one is selected for the robot to move to the
corresponding pre-grasp pose using a goalset motion planner
in CuRobo [37].

Grasp-MPC nearly matches oracle performance while
surpassing closed-loop baselines. As shown in Figure 5,
Grasp-MPC demonstrates competitive performance compared
to Open-Loop Linear, an open-loop approach, which serves
as an oracle baseline. Grasp-MPC achieves a grasp success
rate of 74.9%, closely matching the oracle baseline Open-
Loop Linear at 79.0%. Moreover, Grasp-MPC significantly
outperforms closed-loop baseline methods.

Closed-loop baselines underperform due to suboptimal
data and domain mismatch. IQL achieves a grasp success of
64.4%, below Grasp-MPC (73.6%), likely due to limitations
in its policy extraction process [34]. IL-based approaches also
perform poorly, likely because motion planning, while efficient
for data collection, often yields suboptimal demonstrations.
Additionally, the gap between the empty scene used for
data collection and the object rich evaluation environments
introduce MDP mismatches that further degrade performance.

Grasp-MPC is robust to noisy pre-grasp poses. Grasp-
MPC and baseline methods are also evaluated using ground-
truth grasp poses perturbed with random noise sampled from
U(—2cm, 2cm) in translation and U(—18deg, 18deg) in ori-
entation. As shown in Figure 5, Open-Loop Linear fails to
recover from these perturbations due to its open-loop nature,
resulting in a 40% drop in performance. In contrast, Grasp-
MPC achieves a 60.3% grasp success rate (14% drop), out-
performing baseline closed-loop control policies.

C. Grasp Execution with a Grasp Pose Prediction Model

M2T?2 [1] is used as an off-the-shelf grasp prediction model
to generate target grasp poses. We attempted to train M2T2
using grasp pose annotations specific to the Robotiq gripper,
but could not train an optimal grasp pose prediction model.
We instead use the publicly available M2T2 model trained
on Franka Panda gripper, adding a 10cm offset to adapt the
predicted grasp poses for the Robotiq gripper. The top-512
scored grasp poses are selected.

Grasp-MPC maintains strong performance despite noisy
grasp poses from M2T?2, outperforming all baselines. IL-
based approaches perform poorly, achieving only 36.5% grasp
success rate as shown in Figure 5. The standard Open-Loop
Linear approach achieves 63.6%, dropping by 15% from
using ground truth grasp poses. Grasp-MPC achieves 67.2%
success, highest among methods, dropping only by 8% from
using ground truth grasp poses. This result highlights Grasp-
MPC’s robustness to prediction errors from an off-the-shelf
grasp prediction model and shows promise for real-world
deployment, which is evaluated in the next section.



1. Move to a pre-grasp pose using motion planning

2. Execute Grasp-MPC 3. Lift

Fig. 6: Grasp-MPC execution in the Table Clutter scene. Grasp-MPC effectively grasps a novel object from the bin.
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Fig. 7: Ablation on Ensemble showing Grasp Success and Step
Rate for different number of ensembles K.

D. Ensemble Ablation Study

We present results using a single value function, as en-
sembles did not yield meaningful performance improvements.
To validate this choice, we use the risk-averse objective for
ensemble value functions, following the prior work [26]:

Impact of Value Function Ensembles. Figure 12 reports
grasp success rates across all scenes. Using an ensemble
improves performance by only 0.3%, suggesting that the
dataset provides sufficient coverage for training a single value
function. Although ensembles would promote safer behavior
via pessimistic cost estimation, a single value function still
generalizes well and enables effective grasping. The MPC step
runs at 60hz for K = 1 and 17hz for K = 50, indicating the
computational trade-off of using larger ensembles.

VI. EXPERIMENTAL RESULTS: REAL-WORLD

Grasp-MPC is evaluated on novel objects using a UR10
robot arm with a Robotiq 2F-140 in real-world environments.
The experiments are designed to address: (1) How effectively
does Grasp-MPC grasp novel objects in challenging real-world
environments compared to open-loop approaches? (2) How
well does it adapt to dynamic perturbations when the target
object pose changes after reaching the pre-grasp position?

A. Experiment Setup

Perception System. Two RealSense L515 cameras with
known extrinsics capture 640 x 480 depth images to generate
point cloud observations. Target object segmentation is per-
formed using SAM-Track [45], which combines Grounding
DINO [46] for detection and SAM [47] for segmentation,
producing input point clouds for Grasp-MPC’s value function.
To handle obstacles in cluttered scenes, NVBIlox [48] is used

Fig. 8: Representative real-world environments: (Left) Table
Empty, (Middle) Table Clutter, and (Right) Shelf Clutter.

to represent the environment for CuRobo’s motion planning
and MPC modules.

Success Criteria. Grasp success is defined as lifting the
target object and returning the arm to its home position without
dropping it during execution.

Grasp Pose Prediction. As in the simulated experiments,
M2T2 predicts grasp poses, with a 10cm offset applied to
adapt them for the Robotiq gripper.

Baselines. Open-Loop Linear, implemented in CuRobo-
GraspAPI, is used for comparison, as it provides a simple
and reliable grasp execution pipeline suitable for real-world
deployment. Other closed-loop control policies are excluded
from real-world experiments due to safety concerns, as they
lack collision avoidance mechanisms and are prone to collide
with surrounding obstacles such as a shelf or clutter. In
contrast, Grasp-MPC minimizes collision and learned grasp
task costs, enabling safe and effective operation in cluttered
real-world environments.

B. Grasping Performance Across Different Scenes

Comprehensive evaluation across three environments
with increasing complexity. We compare Grasp-MPC against
Open-Loop Linear using CuRobo-GraspAPI across three pro-
gressively challenging environments: empty tabletop, cluttered
tabletop, and cluttered shelf scenes as shown in Figure 8.
Each environment utilizes 5 different objects, with distinct
object sets for each environment to ensure comprehensive
evaluation across varying complexity levels. For each object,
three different poses are considered, and two evaluation trials
per method are performed to assess consistency and reliability.
In total, 30 trials are conducted for each environment.

Consistent outperformance over open-loop baselines
across all environments. Figure 9 presents the grasp success
rates of Grasp-MPC and Open-Loop Linear across different
scenes. The open-loop baseline frequently fails to grasp target
objects when the predicted grasp pose deviates from the ideal
configuration, as it cannot adapt during execution. In contrast,
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Fig. 9: Grasp performance comparison between Open-loop
Linear and Grasp-MPC. Grasp-MPC consistently achieves
higher grasp success rates across all scenes, highlighting its
robustness in real-world environments.

Grasp-MPC continuously adjusts the gripper pose to minimize
the task grasp cost function while avoiding obstacles such as
a shelf, demonstrating safe and robust grasp execution across
all environments. Grasp-MPC outperforms the baseline in all
scene types, with greater performance improvements observed
in complex environments.

C. Real-Time Adaptation to Object Pose Perturbations

To demonstrate the benefits of Grasp-MPC as a closed-loop
control policy, perturbations are added to the target object pose
after the robot reaches the pre-grasp pose. Since open-loop
approaches cannot handle such dynamic changes by design,
we evaluate only Grasp-MPC in this experiment to assess its
real-time adaptation capabilities.

Successful grasping despite large object perturbations
during execution. We evaluate 5 objects with 6 trials per ob-
ject, resulting in 30 trials total. Figure 10 illustrates an exam-
ple rollout demonstrating Grasp-MPC’s adaptability. Grasp-
MPC achieves a 60% success rate, demonstrating its capability
to adapt in real-time even when large perturbations are applied
to the target object pose. Grasp-MPC exhibits this global
behavior while having trained on grasping motions that are
only 15cm away from a grasp. We are planning on training
with larger grasping motions in the future to study if we can
get even higher success at this task.

VII. DISCUSSION

This work presents Grasp-MPC, a 6-DoF closed-loop grasp-
ing policy for novel objects in cluttered environments. The
approach learns a value function from both successful and
failed grasping trajectories, which is subsequently integrated
into an MPC framework to generate actions during deploy-
ment. Through its modular design, Grasp-MPC can address
deployment-time constraints such as clutter without requiring
retraining. Moreover, leveraging both successful and failed
trajectories enhances data efficiency.

Grasp-MPC is validated on the simulated benchmark Fetch-
Bench [14] across 5,400 grasping problems, demonstrating

superior performance compared to IL methods. It also out-
performs open-loop planning-based approaches in scenarios
with noise in the grasp pose or when the grasp pose was
provided by a learned model (e.g., M2T2). On a real robotic
system, Grasp-MPC achieves a 30% higher success rate than
a planning-based approach in cluttered table-top and shelf
settings, despite being trained exclusively on empty scenes.
These results demonstrate the ability of the method to operate
with noisy point clouds and to handle real-world contact
physics without relying on physically simulated training data.

While shown to be effective, Grasp-MPC presents several
limitations that highlight opportunities for future improve-
ment and extension. First, although higher success rates are
achieved compared to existing methods, performance in real-
world deployments does not yet reach 100%. We hypothesize
that leveraging physics simulation during data generation to
generate success/failure labels will improve the performance
of Grasp-MPC. Grasp-MPC can also be readily finetuned with
real-world data as only success/failure labels are required for
trajectories. Both of these explorations are left to future work.

A further limitation is that validation is restricted to grasping
tasks. Although the approach could extend to other ma-
nipulation tasks given suitable demonstration pipelines [49],
evaluating value function learning across diverse tasks is left
for future work.
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APPENDIX
A. Full point cloud vs partial point cloud observations.

Grasp-MPC robustly grasps novel objects even when pro-
vided with partial point cloud observations, achieving a grasp
success rate of 74.9%, which is only 1.4% lower than with full
point clouds (76.5%). This small performance gap highlights
its practicality for real-world deployment, where sensor occlu-
sions and incomplete observations are common, and ensures
reliable grasping performance despite imperfect perception.

B. Grasp Success by Scene-Type in Simulation

Grasp-MPC performs competitively with the oracle base-
line (OSC) and consistently outperforms other baselines
across all scene categories; however, on-shelf scenes remain
particularly challenging. Figure 11 shows the grasp success
rates across various scene categories. While OSC serves as
an oracle baseline by leveraging ground-truth grasp poses,
Grasp-MPC achieves a comparable success rate, demonstrat-
ing strong performance. Moreover, Grasp-MPC consistently
outperforms all non-oracle baselines across every scene cate-
gory. Among all scene categories, on-shelf environments are
the most challenging, a trend that also holds in real-world
settings (see Figure 9).

Grasp-MPC consistently outperforms baseline methods,
and the performance of OSC drops significantly when noisy
grasp poses are given. Figure 11-(b) presents grasp success
rates across different scene categories using grasp poses per-
turbed with random noise sampled from U/(—2cm,2cm) in
translation and U/(—18deg, 18deg) in orientation. Unlike in
the ground-truth setting, the performance of OSC degrades
substantially under noise, as its open-loop nature prevents
it from recovering from perturbations. In contrast, Grasp-
MPC maintains strong performance even with noisy grasp
inputs. Interestingly, /QL slightly outperforms Grasp-MPC in
the In-Basket scene; however, Grasp-MPC achieves consis-
tently superior results across the remaining scenes and in
overall performance. We hypothesize that baseline methods
such as IQL struggle in more constrained environments like
On-Shelf and In-Drawer scenes.

Grasp-MPC consistenly has a higher grasp success rate
in each scene type when combined with a grasp pre-
diction model. Figure 11-(c) illustrates the grasp success
rate of Grasp-MPC and the baseline approaches for each
scene type. Grasp-MPC consistently achieves success rates
exceeding 60% across all scene categories and outperforms
baseline approaches by a significant margin. This highlights
the superior efficacy of Grasp-MPC even when target grasp
poses are predicted by an off-the-shelf grasp pose prediction
model.

C. Ensemble Ablation Study

We present results using a single value function, as ensem-
bles did not yield meaningful performance improvements. To
validate this choice, we use the following risk-averse objective
for ensemble value functions, following prior work [26]:
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Impact of Value Function Ensembles. Figure 12 reports
grasp success rates across all scenes. Using an ensemble
improves performance by only 0.3%, suggesting that the
dataset provides sufficient coverage for training a single value
function. Although ensembles would promote safer behavior
via pessimistic cost estimation, a single value function still
generalizes well and enables effective grasping. The MPC step
runs at 60hz for K = 1 and 17hz for K = 50, indicating the
computational trade-off of using larger ensembles.

Impact of Disagreement Hyperparameter. We analyze the
effect of the disagreement hyperparameter A in the pessimistic
cost when using an ensemble value function with K = 50.
Figure 13 shows grasp success rate of Grasp-MPC across
300 problems with varying A\. While performance is generally
robust, overly pessimistic costs (i.e., large A) can lead to
performance degradation.

D. Analyzing Success in FetchBench

The Fetchbench benchmark contains 5400 object retrieval
problems. The task success, as described by Fetchbench re-
quires the robot to start from an initial joint configuration and

grasp a specific object that’s in the environment. After grasping
the object, the robot then needs to move the grasped object
to a retrieve pose. The evaluation done by Fetchbench focuses
on the whole object retrieval pipeline while Grasp-MPC only
solves one part of the pipeline. To make this clear, we split
the task into four sequential phases:

Reach Pre-grasp Pose: The first phase requires the robot to
reach a pre-grasp pose.

Pre-Grasp to Grasp: Then, from the Pre-Grasp pose, the
robot moves to the grasp pose using a linear motion with OSC
or with one of the learned policies described in Sec. V. After
closing the gripper on the object, the robot lifts the object by
lcm with OSC.

Plan Retrieve Pose: If the object is still in the gripper after
the lift, the motion planner is called to plan a path to reach
the retrieve pose. Failures in this phase are motion planning
failures.

Reach Retrieve Pose: For those problems, where a plan is
found, the robot then executes the trajectory. After reaching,
if the object is still in the gripper, then task success is
achieved. During this phase, failures happen because of the
object slipping during motion, leading to either dropping the
object or colliding with the environment.

By splitting the task into four sequential phases, failures can
be better understood. E.g., even with ground truth annotated
grasp poses, the planner was only able to reach the pre-
grasp pose 84% of the problems, as shown in Figure 14.
This could mean that for the remaining problems, a more
contact-rich non-prehensile action could be needed to move
the object before grasping. Our experiments also showed a
3% variation in the success of Reach Pre-Grasp Pose between
methods (baselines and Grasp-MPC) even though all methods
use the same motion planner. We hypothesize that this could
be because of small changes in the initial joint state due to
simulation errors. To remove the effect of this slight variation,
we calculate grasp success only based on trials that succeeded
in Reach Pre-Grasp Pose Phase per method.

After grasping the object and lifting 1cm, we observed that
not all successful trials in this phase can obtain a collision-
free motion plan to move the object to the retrieve pose as
seen by the drop in successful trials in Plan Retrieve Pose
phase in Figure 14. With ground truth grasp poses, only 83%
of oracle (OSC) and 80% of Grasp-MPC grasped objects get
a successful retrieve pose plan. With grasp pose generated by
M2T2, the success is worse with only 70% of OSC and 71%
of Grasp-MPC grasped objects getting a successful retrieve
motion plan. This highlights the need for grasping methods to
also reason about future tasks, like retrieving paths.

Similarly, only 78% of the planned paths succeed in reach-
ing the retreive pose with the OSC grasped object upon execu-
tion while 88% of the Grasp-MPC grasped object reach the re-
trieve pose when ground truth grasp poses are generated. When
using grasps generated from M2T2, the success of reaching
the retrieve pose from planned paths increases to 87.5% for
OSC grasped objects and 99.8% for Grasp-MPC grasped
objects as shown in Figure 14-(b). This is promising as even
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trials for each method across the different phases of task execution in FetchBench. The dashed line indicates the total number

of trials (5,400).

though our training dataset did not contain physics validated
(e.g., sim) large retrieve motions to label success/failure. We
hypothesize that the learned value function has attempted to
go to a region with the most grasps on an object (which
often is the most stable grasp). The success analysis across
phases in Fetchbench evaluation provides venues for future
research, including improvements to the collected dataset. Sim
validation of the grasping motion and using large retrieve
motions after grasping to label grasp success would improve
task success. Conditioning the dataset and value function with
retrieve paths will also improve success in Plan Retreive phase.

E. Synthetic Grasp Trajectory Data Generation Details

We utilize a motion planner implemented in CuRobo [37]
to generate trajectories for both valid and invalid grasp poses.
To build the dataset, we spawn 24 robots at a time, each
planning trajectories toward different desired grasp poses for

the same object. Then, we collect up to 256 trajectories for
each object. During data collection, 70% of the trajectories
correspond to valid grasp poses, while the remaining 30%
represent invalid grasp poses. The motion planner occasionally
struggles to generate viable solutions, leading to delays in
the trajectory collection process. To mitigate this issue and
maintain efficiency, we define a maximum failure threshold of
10 attempts per object. If the failure threshold is reached, we
save the trajectories collected so far and reset the collection
process to move on to a new object. This constraint prevents
excessive computational overhead during data collection. This
procedure is repeated across a total of 8,151 objects sourced
from the Objaverse dataset.

F. Value Function Training Details

The value function architecture consists of three main com-
ponents: the PointNet++ encoder, the state encoder, and the
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Fig. 15: Grasp-MPC trains a value function to serve as a
cost function within MPC. The PointNet++ encoder takes a
segmented point cloud as input, and the state encoder takes
an end-effector pose with respect to the mean of the object
point cloud T£]E as input. Features from each encoder are
concatenated and then used as input to the MLP head to
estimate the value.

value head network (see Figure 15). The PointNet++ encoder
employs three sets of abstraction layers, followed by three
fully connected layers. The first set abstraction layer uses
furthest point sampling (FPS) to reduce the input to 256 points.
It then applies a grouping query within a radius of 3cm,
selecting up to 64 points per group. This is followed by a
local PointNet consisting of three fully connected layers of
size 3, 64, and 128. The second set abstraction layer further
downsamples the point cloud to 64 points, using a grouping
query that captures up to 128 points within a 4cm radius. Its
local PointNet has fully connected layers of sizes 128, 128, and
256. The third abstraction layer skips FPS, instead grouping
all points together, and employs a local PointNet with layer
sizes of 256, 256, and 512. After the set abstraction layers, the
output passes through three fully connected layers with sizes
512, 256, and 128. Between these layers, layer normalization,
dropout with p = 0.2, and ELU activations are applied. The
final output of the PointNet++ encoder is a 128 dimensional
feature vector.

The state encoder processes a 9-dimensional input that
encodes the pose of the robot’s end-effector. The first three
dimensions represent the translational components of the pose,
while the remaining six dimensions correspond to the first
two columns of the end-effector’s rotation matrix (6D Gram-
Schmidt) for its orientation [50]. The state encoder consists
of two hidden layers with sizes 64 and 32, producing a 32-
dimensional embedding vector. This output is concatenated
with the 128-dimensional feature vector from the PointNet++
encoder, resulting in a 160-dimensional feature vector. Finally,
the value head network consists of fully connected layers with
three hidden layers of sizes 256, 128, and 64.

G. MPC details

We use a sampling-based MPPI optimizer with three main
constraints: (1) joint limits on position, velocity, acceleration,
and jerk; (2) self-collision avoidance; and (3) robot-world
collision avoidance. The cost function used in Grasp-MPC is
a grasp cost using the learned value function and the default
CuRobo cost terms:

CGrasp-MPC = Ceurobo + WCgrasp (®)

where w = 1000 and Clyrono consist of a world collision cost, a
self-collision cost, and a bounds cost for trajectory smoothness
and keeping the joint states within limits.

To encourage smooth control sequences, we sample actions
via a Halton sequence and fit degree-5 B-splines. Hyperpa-
rameters of MPC used in our experiments are described in
Table I.

TABLE I: CuRobo MPC Hyperparameters

Parameter Value
horizon 30
control_space ACCELERATION
init_cov 0.5
gamma 0.98
n_iters 2
cold_start_n_iters 5
step_size_mean 0.9
step_size_cov 0.5
beta 1.0
alpha 1.0
num_particles 400
update_cov True
kappa 0.01
null_act_frac 0.05
sample_mode BEST
best_action REPEAT
squash_fn CLAMP
n_problems 1
random_mean True
use_coo_sparse True
sample_ratio: halton 0.3
sample_ratio: halton-knot 0.7
sample_ratio: random 0
sample_ratio: random-knot 0

H. Simulated Environment Setup

In this work, we evaluate Grasp-MPC and the competitive
baselines in FetchBench [14]. However, the original Fetch-
Bench environment is incompatible with the Robotiq 2F-
140 gripper due to its closed-loop kinematic chain, and its
simulation platform, Isaac Gym [51], has been deprecated. To
address these limitations, we replace Isaac Gym with Isaac
Sim, enhancing simulation accuracy, ensuring compatibility
with the Robotiq 2F-140 gripper, and benefiting from im-
proved support and ongoing development (see Figure 16).

In the experiments, we assess Grasp-MPC and the baseline
methods over 90 unique scenes, each containing 60 problems,
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Fig. 16: Representative scenes in FetchBench [14] for grasping in clutter. We replace Isaac Gym [51] used as the underlying
simulator in the original FetchBench with Isaac Sim to simulate a Robotiq 2F-140 gripper.

Fig. 17: Example collision voxel visualization using NVBlox.
By leveraging NVBlox, a GPU-accelerated SDF library,
Grasp-MPC successfully avoids collision and grasp the target
object.

resulting in a total of 5,400 test problems. These include
1,415 on-table, 2,424 on-shelf, 744 in-basket, and 817 in-
drawer cases.

1. Real-world Environment Setup

The real-world experiments use SAM-Track [47], which
combines Grounding-DINO [52] for object detection and
SAM [47] for segmentation, to track the target object. The
segmented depth image is then projected to a point cloud, and
latent observation features are obtained from our observation
encoder. This latent feature is then sent to our MPC, which is
implemented as a ROS Python node.

We use ROS control to switch between a trajectory con-
troller and a velocity controller. We use cuRobo’s motion
planner to move to the approach pose and then call our MPC
to take over and grasp the object. To avoid collision, we use
Nvblox [48] to represent the scene for both motion planning
and MPC with the resolution of 1cm voxels. (see Figure 17)
We run MPC for 120 steps and then close the gripper. Once
the gripper is closed, we then lift the gripper 10cm along the
opposite direction of the gravity vector using the same motion
planner.

Fig. 18: Overlaying object point cloud across different meth-
ods. To maintain identical experimental conditions, the current
point clouds (green) are overlaid on the reference object point
clouds (black).

Identical conditions ensure fair comparison between
methods. To ensure fair comparison, we maintain identical
experimental conditions across both approaches: the target
grasp pose, pre-grasp pose, and robot configuration at the pre-
grasp position remain the same between methods. Object pose
consistency is verified by overlaying the point clouds of the
target object across different method evaluations, ensuring that
any performance differences stem from the grasping approach
rather than variations in object positioning (see Figure 18).

J. Implementation Details of Baseline Methods

GraspAPI. We utilize the grasp planning API provided by
CuRobo [37] to generate a trajectory for grasping. Initially, the
API plans trajectories from the robot’s starting position to a
set of candidate grasp poses, selecting the shortest path among
these options. Once the desired grasp pose is identified, a pre-
grasp pose is computed by applying a fixed linear offset to the
selected grasp pose. Then, the API generates a trajectory from
the robot’s initial position to the pre-grasp pose. Following



this, the API employs constrained motion planning to produce
a linear trajectory between the pre-grasp pose and the grasp
pose. Lastly, the API returns two trajectories: one from the
robot’s initial position to the pre-grasp pose, and another from
the pre-grasp pose to the desired grasp pose.

Operational Space Control. Similar to the baseline ap-
proach used in FetchBench [14], we use operational space
control to move the end effector linearly from the pre-grasp
to the grasp pose.

Diffusion Policy. We train a diffusion policy [44] using
behavior cloning (BC) The diffusion policy uses a conditional
Denoising Diffusion Probabilistic Models (DDPM), and its
conditional noise prediction model employs the CNN-based
architecture introduced in [44]. This architecture is a 3-level
UNet architecture consisting of conditional residual blocks
with channel dimensions [128,256,512]. The diffusion time
step is encoded by a multi-layer perceptron (MLP) to produce
a 128-dimensional embedding, which is concatenated with the
visual embedding from the PointNet++ encoder and the state
embedding from the state encoder. This concatenation yields
a 288-dimensional conditional vector. The architecture of the
PointNet++ encoder and the state encoder shares the same
architecture as that used in the value function network in
Grasp-MPC. In the experiments, we use an action horizon of
4 and an observation history length of 2. During training, we
use 100 diffusion steps. For faster inference during evaluation,
we employ Denoising Diffusion Implicit Models (DDIM) with
5 diffusion steps.

The synthetic dataset contains both successful and failed
trajectories, corresponding to feasible and infeasible grasp
poses. To train the diffusion policy, we utilize only the
successful trajectories from the dataset. The policy produces
6-dimensional action outputs, where the first three dimensions
represent the change in position, and the last three correspond
to the change in the end-effector’s axis-angle representation.
Expert actions in the dataset are derived by computing the
difference between the current and next end-effector poses.
Since the motion planner generates a fine-grained trajectory
during data collection, we aggregate actions by skipping 4
frames and computing the combined pose difference over this
interval.

Transformer Policy. We train a transformer-based pol-
icy using BC from only successful trajectories similar to
the diffusion policy described in Appendix J. To train the
transformer policy, we utilize only the successful trajectories
from the dataset. Our transformer policy, similar to the one
utilized in FetchBench, is built upon the OPTIMUS architec-
ture. Consistent with the value function in Grasp-MPC, the
transformer policy processes a segmented target object point
cloud alongside the robot end-effector pose relative to the
center of the target object point cloud. To encode visual input,
we utilize a PointNet++ encoder with the same architecture
as the one used in our value function. The transformer policy
uses the same action space and expert actions for training as
the Diffusion Policy.

Implicit Q-Learning. We train a policy using Implicit Q-

Learning, the state-of-the-art offline RL approach. In this train-
ing, the objective is to maximise the cumulative discounted
rewards. Thus, instead of using a cost function (Eq. 1) defined
for Grasp-MPC, we use the following reward function:
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In IQL, both the state-based value function and the Q-value
function are trained. We employ the same network architecture
for these value functions as that used in the value function of
Grasp-MPC, with the key difference that the Q-value function
incorporates an action as part of its input, which is included in
the input to the state encoder. The policy architecture is similar
to the value function architecture; however, it is parameterized
as a Gaussian distribution with a fixed, state-independent stan-
dard deviation. The policy outputs the mean of the Gaussian
distribution for an action space with 6 dimensions.
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4.1 Limitations and Future Work

While Grasp-MPC improves grasping performance over competitive baselines, its
overall success in FetchBench remains limited because the benchmark evaluates
both grasping and fetching in cluttered environments, whereas Grasp-MPC focuses
only on the grasping phase. This limitation could be mitigated by training a value
function with cost labels that account not only for grasp success but also for the
quality of the grasp in facilitating subsequent fetching actions.

Currently, Grasp-MPC operates for a fixed number of timesteps, delaying
gripper closure until the final step of the episode. This execution scheme may
result in missed opportunities for earlier successful grasps, thereby requiring longer
execution time. One potential solution is to train a separate Q-value function for
discrete gripper actions, allowing the robot to dynamically decide when to close
the gripper and terminate the episode.

Although Grasp-MPC demonstrates that learning a value function from data is
effective for grasping, extending this approach to more contact-rich manipulation
tasks is a promising research direction. Grasp-MPC' is readily applicable to similar
prehensile manipulation tasks; however, addressing non-prehensile manipulation
tasks remains challenging, as it requires simulating both the target object and
the robot’s dynamics. One solution to this is to leverage a world model, for
example, learnt using the approach presented in Chapter [7] An alternative is to
train a value function that directly evaluates full action sequences [189], potentially
reducing reliance on explicit rollouts during inference. Together, these directions
highlight the potential of using MPC with a learnt value function as the cost,
enabling the acquisition of robust, safe, and reactive closed-loop policies for more

complex manipulation tasks.



COMBO-Grasp: Learning

Constraint-Based Manipulation for
Bimanual Occluded Grasping

This chapter addresses the challenge of occluded robot grasping, where desired
grasp poses are kinematically infeasible due to environmental constraints, such as
collisions with the table surface. While Chapter [3| and Chapter 4| demonstrate a
unification of motion planning and learning-based closed-loop control to enable safe
and efficient skill acquisition and execution for a single-arm system, this chapter
extends this principle to a dual-arm setting. In particular, one arm is controlled by
a motion planner to provide constraint-based support, stabilising the target object
and enabling the other arm to tackle occluded grasping tasks through coordinated
manipulation, thereby achieving sample-efficient skill acquisition and robust task
execution (see Chapter , Fig. 1 for a rollout of COMBO-Grasp).

Prior works |101}, [190] address occluded grasping tasks with a single arm by
leveraging external constraints, such as walls. However, such constraints are often
unavailable in real-world environments, which limits the applicability of these
approaches. To overcome such limitations, this chapter introduces COMBO-Grasp,
a novel bimanual manipulation framework that employs two coordinated policies to
address bimanual occluded grasping tasks, drawing inspiration from nonprehensile

manipulation strategies that humans perform intuitively [47-49].

88
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The proposed approach comprises three stages, as illustrated in Chapter [5]
Fig. 3. First, a synthetic dataset is generated in simulation in a self-supervised
manner over a diverse set of objects to train a state-based teacher constraint
policy. For each object, a random force is applied along the approach vector of
the desired grasp poses that have been pre-annotated for the object. End-effector
poses are randomly sampled and evaluated for force closure, where the arm must
prevent the object from moving under the applied force. Poses satisfying this
condition are labelled as stabilising poses for the constraint arm, used to provide
support for the other arm to solve occluded grasping tasks. Effective stabilising
poses are stored in the dataset to train the state-based teacher constraint policy,
implemented using a diffusion model [191].

Second, a separate state-based teacher grasping policy is trained in simulation
for diverse objects using Proximal Policy Optimisation (PPO) [31]. In particular,
during RL training for the grasping policy, the teacher constraint policy first predicts
a stabilisation pose at the beginning of each episode. The constraint arm is then
positioned accordingly and remains fixed in this pose throughout the episode, while
the grasping arm executes its policy to learn occluded grasping skills by utilising
the constraint arm. A key contribution of this work is the value-guided policy
coordination to improve bimanual coordination, inspired by classifier guidance
in diffusion models [50, 159]. During RL training, we obtain gradients from the
value function, which is jointly trained with the grasping policy by maximising
its value, and use these gradients to guide the reverse diffusion process of the
constraint policy. This enables the constraint policy to generate a stabilisation
pose better aligned with the grasping policy’s objectives, thereby improving sample
efficiency and task performance during RL.

In the final stage, we distil the teacher constraint and grasping policies into vision-
based student policies that take point cloud observations as input, ensuring robust
sim-to-real transfer. To reduce the sim-to-real gap, domain randomisation [57]
is applied during the distillation process. In real-world experiments, COMBO-

Grasp operates through a coordinated sequence: the constraint policy generates a
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stabilising pose for the right arm, which a motion planner positions to stabilise the
target object. Subsequently, the grasping policy controls the left arm to perform
nonprehensile manipulation such as pushing and reorienting to expose the occluded
grasp pose and successfully grasp the target object.

COMBO-Grasp is extensively evaluated on novel objects, achieving 65.6%
success in simulation and 68.3% in the real world, outperforming state-of-the-art
RL algorithms and baseline variants. The system successfully generalises to novel
objects due to training on diverse object geometries and shows robust performance
across objects with varying shapes, sizes, and weights.

By decomposing the complex, occluded bimanual grasping task into two coordi-
nated policies and employing motion planning to control one arm for object stabilisa-
tion and support, COMBO-Grasp demonstrates that the unification of planning and
learning achieves sample-efficient skill acquisition and enables robust execution in

real-world environments. Overall, this chapter presents the following contributions:

1. COMBO-Grasp, a novel framework for bimanual manipulation that employs

two coordinated policies to address occluded grasping.

2. A self-supervised approach leveraging force-closure as a supervisory signal to
collect a dataset of stabilising constraints for one arm, enabling training of a

constraint policy that accelerates the RL training of the grasping policy.

3. A value function-guided policy coordination mechanism that refines predicted
constraint poses using gradients from the value function of the grasping RL

policy, thereby improving bimanual coordination during training.

4. Extensive evaluations in both simulated and real-world environments, demon-

strating successful grasps of novel objects.

Jun Yamada, Alexander L Mitchell, Jack Collins, Ingmar Posner (2025). COMBO-

Grasp: Learning Constraint-Based Manipulation for Bimanual Occluded Grasping,

Conference on Robot Learning (CoRL)



COMBO-Grasp: Learning Constraint-Based
Manipulation for Bimanual Occluded Grasping
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Abstract: This paper addresses the challenge of occluded robot grasping, i.e.
grasping in situations where the desired grasp poses are kinematically infeasible
due to environmental constraints such as surface collisions. Existing RL meth-
ods struggle with task complexity, and collecting expert demonstrations is often
impractical. Instead, inspired by human bimanual manipulation strategies, where
two hands coordinate to stabilise and reorient objects, we focus on a bimanual
robotic setup to tackle this challenge. In particular, we introduce Constraint-based
Manipulation for Bimanual Occluded Grasping (COMBO-Grasp), an approach
which leverages two coordinated policies: a constraint policy trained using self-
supervised datasets to generate stabilising poses and a grasping policy trained us-
ing RL that reorients and grasps the target object. A key contribution lies in value
function-guided policy coordination, where gradients from a jointly trained value
function refine the constraint policy during RL training to improve bimanual coor-
dination and task performance. Lastly, COMBO-Grasp employs teacher-student
policy distillation to effectively deploy vision-based policies in real-world envi-
ronments. Experiments show that COMBO-Grasp significantly outperforms base-
lines and generalises to unseen objects in both simulation and real environments.

Keywords: Occluded Grasping, Bimanual Manipulation, Reinforcement Learn-
ing

1 Introduction

Grasping objects with kinematically infeasible grasp poses due to environmental collisions, known
as occluded grasping [1], presents a significant challenge in robotics. Such kinematic infeasibility
arises from supporting surfaces, such as the table that the object is resting on. For example, grasping
a keyboard that rests on a desk requires reorienting the keyboard with regard to the desk surface
(nonprehensile manipulation) to reveal the grasp pose (see Figure 1). Humans exhibit exceptional
dexterity in solving such occluded grasping problems through coordinated bimanual manipulation,
seamlessly using both hands to reposition objects for grasping. However, learning to acquire such
coordinated skills for a bimanual robotic system poses significant challenges, particularly when
using reinforcement learning (RL) [2, 3].

Specifically, compared to single-handed applications, bimanual manipulation exhibits a significantly
increased action space with coordination requirements adding to task complexity. These challenges
are exacerbated when using domain randomisation [4] to enable sim-to-real transfer and make RL
approaches infeasible due to sample inefficiency. For the occluded grasping task, these challenges
are particularly pronounced as the policies must enable one arm to stabilise the object while the other
reorients and grasps it. More importantly, designing a reward function that facilitates the emergence
of such coordinated behaviour is nontrivial. Compared to RL, learning from demonstration (LfD)
necessitates a large number of expert demonstrations [5] encompassing a diverse range of objects to
achieve generalisation to unseen objects.

9th Conference on Robot Learning (CoRL 2025), Seoul, Korea.



int policy (2a) The manipulation policy pushes the object toward the constraint
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(2b) The manipulation policy lifts and grasps the target object [ () The right arm moves back to home pose ] [ (4) Lift the object ]

Constraint policy (right arm) Manipulation policy (left arm) D Heuristics

Figure 1: COMBO-Grasp uses two coordinated policies to tackle occluded grasping tasks. A con-
straint policy predicts a support pose for the right arm to assist the left arm controlled by a grasping
policy. The task execution sequence is: (1) the right arm moves to the support pose, (2) the left arm
grasps the object, (3) the right arm returns home, and (4) the left arm lifts the object.

We present Constraint-based Manipulation for Bimanual Occluded Grasping (COMBO-Grasp), a
system designed to address occluded grasping using bimanual robot systems. Inspired by human
bimanual strategies, where one hand stabilises an object while the other performs the manipula-
tion [6, 7, 8], COMBO-Grasp uses two coordinated policies: a constraint policy, trained from dataset
collected in a self-supervised manner, that generates stabilising poses, and a grasping policy trained
using RL that reorients and grasps the target. By stabilising with one arm before grasping with
the other, this coordination improves data efficiency and accelerates training for occluded grasping
tasks. COMBO-Grasp also introduces value-guided policy coordination to refine the constraint pose,
improving bimanual coordination. In particular, during RL training, gradients from the value func-
tion, trained alongside the grasping policy, optimise the constraint pose to increase grasp success.
This alignment enhances object stability during bimanual grasping.

COMBO-Grasp achieves effective sim-to-real transfer via teacher-student policy distillation. A
teacher trained with privileged information in simulation is distilled into a student policy that oper-
ates on point clouds. Unlike single-policy RL or LfD, COMBO-Grasp enables efficient bimanual
coordination and generalises to unseen objects without expert demonstrations.

In summary, our contributions are four-fold:
* COMBO-Grasp, a novel approach to bimanual manipulation comprising two coordinated poli-
cies to solve occluded grasping problems.

* The use of force-closure as a signal to train a self-supervised constraint policy, which accelerates
the subsequent RL grasping policy training.

* Value function-guided policy coordination that refines generated constraint poses using gradients
from the value function to improve coordination during RL training for the grasping policy.

Empirically demonstrating that COMBO-Grasp successfully grasps seen and unseen objects in
both simulated and real-world environments.

2 Related Works

Learning to Grasp Objects. Grasping is a fundamental robotic skill crucial for downstream manip-
ulation tasks [9, 10, 11]. Many prior works focus on learning grasp pose predictors with open-loop
planning [11, 12, 13], typically assuming that collision-free poses are reachable via motion planning.
However, these methods are often inadequate for occluded grasping scenarios, where environmental
constraints may obstruct the target grasp poses. Closed-loop policies using reinforcement learn-
ing (RL)[14, 15] and imitation learning (IL)[16, 17] provide an alternative. COMBO-Grasp builds
on this direction, addressing more challenging occluded grasping tasks that require non-prehensile
manipulation before grasping. Some prior works [18, 19] address occluded grasping via extrin-



sic dexterity using a single arm. Sun et al. [18] employ dual arms for object reorientation, though
still rely on external constraints such as a wall. In contrast, COMBO-Grasp operates without such
constraints, using one arm to stabilise the object while the other performs reorientation.

Bimanual Robotic Systems. Bimanual robotic manipulation [20, 21, 8, 22] has gained increasing
attention due to its flexibility and capability to handle complex tasks. RL approaches [3, 2] often
require extensive exploration, particularly for high-DoF bimanual tasks. Alternatively, IL often
demands a large number of expert demonstrations [5], which is often costly and impractical for
complex bimanual systems, especially in non-prehensile manipulation scenarios. Several works [23,
24, 25] address these challenges by incorporating inductive biases into RL. Similarly, COMBO-
Grasp introduces a constraint policy as an inductive bias, specifically tailored for occluded grasping
tasks. Inspired by studies in biopsychology [26, 6, 7], COMBO-Grasp uses one arm to stabilise the
object, while the other performs non-prehensile manipulation for occluded grasping.

Stabilising an object with one arm to assist the other in manipulation is a well-established strat-
egy [27, 22]. However, these prior works require expert demonstrations [27] or nested optimisation
loops [22], limiting scalability due to high supervision cost or sample inefficiency. In contrast,
COMBO-Grasp eliminates the need for expert demonstrations or nested optimisation by using self-
supervised simulation data to train a constraint policy, which stabilises objects and accelerates RL
training for occluded grasping. Crucially, COMBO-Grasp uses value function-guided policy coor-
dination to refine constraint poses by leveraging gradients from the grasping policy’s value function
during RL training. This allows the constraint policy to adapt poses that better align with the grasp-
ing policy, enhancing coordination for bimanual occluded grasping tasks.

3 Task and System Setup Trird-person camera (515)

Left arm (manipulation)

Task description. To grasp a target object given
a desired grasp pose that is occluded, one arm is
needed to prevent the object from moving, while the
dominant arm attempts to reorient and grasp the ob-
ject. In this work, the left robot arm (dominant arm)
always attempts to grasp a target object while the
right arm (non-dominant arm) stabilises the object
to assist the left arm. We leave dynamic role assign-
ment of left and right arms to future work, similar

to [27]. It is worth noting that the gripper of th.e left perpendicularly, each with a Robotiq 2F-85
arm autonomously closes at the end of each episode gripper and soft fingertips [28] for improved
to grasp the target object, and the left end-effector grip. A third-person RealSense L515 camera
moves upward to lift the object. provides visual observations.

Figure 2: Real-world system setup. The
system uses two Kinova Gen3 arms mounted

Action Space The teacher and student policies share

the same action space. The grasping policy controls the left arm and outputs a six-dimensional
delta pose, including translation and rotation in axis-angle representation. The constraint policy
controls the right arm and outputs a six-dimensional absolute pose. Following prior work [22], our
experiments assume the end-effector remains at a fixed z-coordinate, as it is typically placed on
the table, with variations only in its x-y position and orientation. Thus, the first two dimensions
correspond to the x and y positions, and the remaining four specify orientation as a quaternion.

Real-World Setup. We design a system for bimanual occluded grasping (Fig.2) comprising two
Kinova Gen3 arms with Robotiq 2F-85 grippers, mounted perpendicularly on a central body. The
grippers use deformable fingertips [29] for improved grip, replacing the original rigid ones. A
calibrated Realsense L515 camera provides third-person point clouds for the vision-based student
policies. To control the arms, we use a hybrid task and joint space impedance controller [30].

Simulation Setup. Isaac Sim [31] is used to train teacher policies for the occluded grasping task. To
train policies, 48 objects selected from the Google Scanned Objects dataset [32] are spawned into
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Figure 3: Method Overview. (1) COMBO-Grasp first collects a synthetic dataset in a self-
supervised manner in simulation to train a state-based teacher constraint policy that outputs a right
arm end-effector pose. (2) This constraint policy is frozen, and a state-based teacher grasping policy
Tteacher 1 trained with RL. To improve performance, we propose value-guided policy coordination,
refining the constraint output via gradients from a jointly trained value function. (3) Both teacher
policies are then distilled into vision-based student policies using point clouds, proprioception, and
optionally a desired grasp pose to tackle real-world bimanual occluded grasping.
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the environment (see Figure 9). We use an operational space controller [33] to control robot arms.
Further information regarding the simulation setup can be found in Appendix B.

4 Approach

In this section we present COMBO-Grasp, a system designed to solve challenging bimanual oc-
cluded grasping tasks. COMBO-Grasp utilises two coordinated policies: a constraint policy trained
on a dataset collected without human supervision within a simulation to stabilise the target object
using one arm, and a grasping policy trained using RL to control the other arm and reorient the
object for successful grasping.

We first present a self-supervised data collection method in simulation (Section 4.1) to train the
teacher constraint policy (Section 4.2). Section 4.3 details the training of the teacher grasping policy,
including value function-guided coordination for refining constraint poses. Finally, teacher-student
distillation for real-world deployment is described in Section 4.5.

4.1 Self-Supervised Data Collection for Constraint Policy

Instead of relying on costly expert demonstrations, this work introduces a self-supervised data col-
lection method using force-closure signals in simulation to train the constraint policy across diverse
objects (see Figure 3 (1)). Target occluded grasp poses are generated via antipodal sampling [34]
for 48 objects from the Google Scanned Objects dataset [32] (see Figure 9 in Appendix B). These
poses are also used during RL training for the grasping policy (Section 4.3).

End-effector poses for the right arm are randomly sampled near the target object placed on a table,
while the left arm remains fixed in its initial position. A force of 25N x mass along the approach
vector of a desired grasp pose is applied to the object. To assess force closure, the object’s velocity
is used as an approximation, as accurately evaluating force closure is often challenging, particularly
in scenarios involving multiple contacts. Instead, force closure is considered successful if, after
applying force, the object’s velocity remains below a predefined threshold, given the specific grasp
and constraint poses. The sampled end-effector pose, the corresponding desired grasp pose, and the
object pose are then added to the dataset. By iterating this process in simulation, 3K constraint poses
per object are collected. With 48 objects, this results in a total of 144K samples. By leveraging the
object’s motion as a proxy measure for the success of a constraint pose, we can generate a rich set
of training data to train the constraint policy.



4.2 Teacher Constraint Policy Training

One of the central contributions of this work lies in value function-guided policy coordination, which
builds upon classifier guidance used in diffusion models to refine the generated constraint pose
during the training of the state-based teacher grasping policy. This is achieved by employing a
diffusion model for the state-based teacher constraint policy, denoted as w*¢2"" trained from the
privileged information in the dataset (see Section 4.1). This approach leverages gradients from the
value function to steer the teacher constraint policy’s output, optimising the stabilising poses to align

with the grasping policy’s objectives to improve task performance and sample efficiency.

The teacher constraint policy uses a diffusion model formulated as a Denoising Diffusion Proba-
bilistic Model (DDPM) [35]. Starting from K sampled from Gaussian noise, the DDPM performs
K denoising iterations to generate a series of intermediate samples with decreasing levels of noise,
xF 2%t .20 To train the constraint policy, a forward diffusion process is applied to add noise
to an unmodified sample, °, from the dataset by randomly sampling a denoising iteration k and
random noise ¢*. The noise prediction model €y is then trained to estimate the noise added to a

sample during the forward diffusion process. Thus, the training loss is formulated as
ACconst'r’aint = MSE(6k7 €0 (Xgonst + Ekv k)) (1)

where X onst 1S the constraint pose for the right arm. An MLP-based denoising model is used as the
backbone for the diffusion policy (see Appendix B.1 for further details of the architecture).

The constraint policy takes as input the object pose, desired grasp pose, and object IDs. To repre-
sent Object IDs, an autoencoder [36] is trained to reconstruct object point clouds using the Chamfer
distance. The resulting compact latent code replaces one-hot vectors, reducing observation dimen-
sionality for large object sets. The state-based teacher constraint policy is used only during teacher
grasping policy training (Section 4.3) and is distilled into a vision-based student policy for sim-to-
real transfer.

4.3 Teacher Grasping Policy

After the constraint policy is trained, a teacher grasping policy ﬂgi‘;f;,” is trained using Proximal

Policy Optimisation (PPO) [2] on diverse objects from privileged information in simulation. To
train a robust teacher grasping policy capable of performing in real-world environments, we employ
domain randomisation, incorporating additive Gaussian noise into low-dimensional observations,
as well as randomising the physics parameters of the target object and the controller parameters
during policy training. For further information about the domain randomisation, see Appendix D.1.
The teacher grasping policy receives as input the robot’s proprioceptive states, object pose, object
velocity, desired grasp poses, object IDs (see Section 4.2), object’s mass and friction parameters,
and the PID gains for the operational space control(OSC).

At the beginning of each training episode, the teacher constraint policy /¢3¢ generates a con-
straint end-effector pose X..ns¢ for the right arm. Given the constraint end-effector pose, the joint
positions of the right arm are computed using the CuRobo IK solver [37]. Then, the right arm moves
to the computed desired constraint joint positions. Once the right arm is positioned, the grasping

policy controls the left arm to attempt the occluded grasping task.

We design a reward function with six components: (1) position and (2) orientation distance to the
target grasp pose for a left end-effector, (3) action penalty to penalise the large actions, (4) collision
penalty (including self- and table collisions), (5) lift reward to expose occluded grasps, and (6)
sparse grasp success reward. The collision penalty term is computed using the signed distance field
provided by CuRobo. The final reward r is

T = Q1Tdist_pos + Q2T dist_ori — Q3T collision — X4Taction T QasTgft + Q6T success (2)

where «; is a coefficient for each reward term. For more details on teacher policy training, domain
randomisation, and each reward term with the coefficient value, see Appendix B.



4.4 Value Function-guided Policy Coordination

A key aspect of COMBO-Grasp is to induce effective bimanual coordination using the trained con-
straint policy, thereby improving task performance and enhancing the sample efficiency of the RL
policy training. Since the teacher constraint policy is initially trained on datasets collected using
force closure as a signal, it does not inherently guarantee the generation of an optimal constraint
for the grasping policy. To address this limitation, COMBO-Grasp draws inspiration from classi-
fier guidance in diffusion models and we propose value function-guided policy coordination that
refines the generated constraint pose using gradients from a value function V' (x;), which is trained
alongside the grasping policy using RL. The value function of the grasping policy acts as a classifier
in the classifier guidance framework, and the gradients for guidance are obtained by maximising
the estimated value. This approach effectively refines the generated constraint poses to align more
closely with the grasping policy’s requirements, leading to improved overall performance and sam-
ple efficiency. By incorporating gradients from the value function by maximisation, the denoising
process for the constraint policy is formulated as

XI;;Llst = a(xlgonst - 769(X]c€onst7 k) - ’LUVV(X) + N(07 0_2]')) (3)

where w is a scaling parameter, x is low-dimensional observation used as input to the value function
V(-), and the constraint pose X.onst is @ subset of the input state x for the value function (i.e.,
Xconst € X). For further details on value function-guided policy coordination, see Appendix B.

4.5 Policy Distillation for Sim-to-Real Transfer

To deploy policies in real-world environments, leveraging visual observations as input is essen-
tial. Teacher-student policy distillation [38, 39] is used to transfer knowledge from trained teacher
constraints and grasping policies to student policies. These student policies process point cloud ob-
servations along with state information, such as proprioceptive data and, optionally, a desired grasp
pose. In COMBO-Grasp, we adopt a diffusion policy as the student grasping policy, similar to prior
work [40]. Specifically, DP3 [40] and MLP encoders process point cloud and state observations,
respectively, as illustrated in Figure 11 (Appendix C). The encoder outputs are concatenated to con-
dition the diffusion policy. For simplicity, the student constraint policy employs a Gaussian Mixture
Model (GMM). Unlike the teacher constraint policy, it does not require output steering, making the
GMM approach effective and straightforward.

To distil the teacher to the student policy, we rollout the teacher in simulation and collect 10/ expert
demonstrations with visual observations. During distillation, we apply small perturbations to point
cloud observations to simulate real-world noise. For further details, see Appendix C.

5 Experimental Results: Simulation

Our experiments address the following questions: (1) How successful is COMBO-Grasp in learning
a teacher policy compared to competitive baselines? (2) How well does COMBO-Grasp generalise
to unseen objects? (3) How does the value function-guided policy coordination affect COMBO-
Grasp’s overall performance? For further analysis of the experiments, see Appendix A.

5.1 Evaluation Metric and Baselines

For evaluation, we assess the success rate of grasping. In particular, a trial is considered successful if
the robot’s left arm securely grasps and lifts the target object at least 8 cm at the end of the episode.

We compare COMBO-Grasp with the following baselines:
* PPO: A PPO [41] policy that controls both arms. The policy outputs 12-dimensional actions.

Compared to COMBO-Grasp which employs two coordinated policies, this baseline requires
more extensive exploration to solve the task.



* PPO + Constraint Reward: A PPO policy trained with a modified reward function that adds
a distance-based term between the right end-effector and the target object’s center. This en-
courages the right arm to act as a constraint, assisting the left arm in grasping. The policy thus
avoids undesirable behaviors seen with the original reward, such as high-velocity grasps by the

left end-effector without support.

¢ COMBO-Grasp with a fixed constraint: A PPO policy is trained to control the left arm, while
the right arm remains fixed in a predefined pose in contrast to COMBO-Grasp. This showcases

the importance of a constraint policy.

* COMBO-Grasp without refinmenet: COMBO-Grasp without value function-guided policy co-
ordination. This demonstrates the necessity of refining the constraint pose generated by the

constraint policy to further improve performance.

5.2 Sample Efficiency in Teacher Policy Training

COMBO-Grasp achieves higher performance and
sample efficiency. We first evaluate teacher policy
training in simulation. As shown in Fig. 4, COMBO-
Grasp solves the occluded grasping task more effi-
ciently and achieves better overall performance. In
contrast, PPO struggles due to task and system com-
plexity. More critically, it often exhibits unrealistic
behaviours—e.g., the left arm grasping aggressively
without right-arm support—by exploiting simulator
inaccuracies, which fail to transfer to the real world.

Reward shaping alone is insufficient for coordi-
nation. PPO + Constraint Reward partially ad-
dresses these issues using a distance-based reward,
but effective constraint poses are not known a priori
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Figure 4: Teacher policy training. We run 3
seeds per method, with shaded regions show-
ing standard deviation. COMBO-Grasp sig-
nificantly outperforms baselines in both per-
formance and sample efficiency.

and depend on coordinated behaviour between arms. This highlights the difficulty of inducing such

coordination through reward engineering alone.

Constraint learning and coordination drive performance. COMBO-Grasp with fixed constraints
performs poorly, as static poses may not generalise across tasks. Similarly, removing refinement de-
grades performance. These findings emphasise the importance of both pre-training and refining the
constraint policy. In general, our coordinated approach, learning separate constraints and grasping
policies, yields faster training and higher success rates than the RL baselines of a single policy.

5.3 Student Policy Performance in Simulation

COMBO-Grasp generalises well to both seen and
unseen objects. We evaluate the distilled student
policies in simulation (Fig.5). COMBO-Grasp han-
dles occluded grasping effectively across object sets.
Without the target grasp pose as input, performance
drops but remains competitive.

Coordinated strategies improve generalisation to
unseen objects. While PPO and PPO + Constraint
Reward perform similarly on seen objects, the latter
significantly outperforms on unseen ones by leverag-
ing the right arm as a constraint instead of exploiting
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B Combo-Grasp w/o refinement
BN Combo-Grasp

° o °
= Y ©

Grasp Success Rate

o
N

0.0

Seen Unseen

Figure 5: Student Policy Performance av-
eraged over 3 seeds in Simulated environ-
ments. We evaluate each approach for 50
times using both seen and unseen objects.

simulator flaws. However, it still lags behind COMBO-Grasp due to the difficulty of reward shaping
for effective constraint learning, which limits the teacher policy and thus the student’s performance.



6 Experimental Results: Real-World

We evaluate a student policy trained on simulated data in real-world settings to address (1) How
does COMBO-Grasp perform on seen and unseen real-world objects? (2) Does conditioning on a
desired grasp pose improve its performance?

6.1 Experiment Setup

Student policies are evaluated on both seen
and unseen objects with diverse shapes, sizes,
and weights (Figure 6). To facilitate grasp-
ing, we scan objects to reconstruct 3D meshes ,
and generate grasp poses via alltip()dal sam- Cuboid-Medium-Heavy (Seen)  Cuboid-Large-Light Cuboid-Small-Heavy
pling, avoiding the need for grasp pose predic- 1

tion models [12], which are outside our evalu-
ation scope. However, COMBO-Grasp is com-
patible with any grasp pose prediction models.
When student policies are conditioned on de- Keyboard Bag Round-Large-Light

sired grasp poses, object pose is estimated in  pjoyre 6; Selected objects of varying sizes and
real-time using FOLll’ldat.IOI’lPOSC.[42], .enabhng weights requiring occluded grasping are used to
grasp pose inference during manipulation [43].  evaluate COMBO-Grasp in the real world.

Constraint poses from the student constraint
policy are converted to joint positions using CuRobo’s IK solver [37], and Movelt [44] controls
the right arm accordingly. Once positioned, the left arm executes the student grasping policy.

6.2 Results

COMBO-Grasp is effective in real-world oc-
COMBO-Grasp | wlo grasp pose

cluded grasping, with trade-offs depending Cuboid-Medium-Heavy (Seen) | 80% (5/10) 80% (8/10)
; : Cuboid-Large-Light 90% (9/10 80% (8/10
on input. As shown in Table 1, COMBO- Caboid-Smatl. Heavy 50% Es?w? 60%(<6//10)>
Grasp handles occluded grasping well for both Keyboard 80% (8/10) 40%(4/10)
seen and unseen objects. It struggles with the Round—I]i:lrgge—Light ggé’) Egﬁg; fgég Efﬁg;
round box due to stability challenges, and per- Average 68.3% (41/60) | 58.3% (35/60)

formance slightly declines without the target uuie 1. Performance of COMBO-Grasp in real-

grasp pose. In.thls setting, the .pohcy cannotre-  world environments for seen and unseen objects
cover from failed nonprehensile manipulation; yyith varying shapes, sizes, and weights.

for instance, pushing a keyboard often fails due
to its thin shape, leading to a 40% success rate.

The target grasp pose improves robustness, but removing it increases practicality. Providing
the desired grasp pose enables retries and improves success by guiding the left arm more effectively.
However, omitting it increases deployment flexibility, removing the need for real-time pose estima-
tion, which is useful in environments where tracking is infeasible. The complete baseline results,
including PPO and various ablations of COMBO-Grasp, are presented in Table 2 in Appendix A.3.

7 Conclusion

We present COMBO-Grasp, a bimanual robotic system for occluded grasping tasks. By introduc-
ing a constraint policy and value function-guided policy coordination, which refines the constraint
pose using value gradients, we show that coordinated policies efficiently solve challenging occluded
grasping tasks. Furthermore, the trained teacher policies are then distilled into vision-based stu-
dent policies for real-world deployment. Through empirical evaluation, we show that COMBO-
Grasp achieves significantly better performance compared to a state-of-the-art baseline and instan-
tiations of COMBO-Grasp in both simulated and real-world environments.



8 Limitations

COMBO-Grasp offers notable improvements in learning efficiency and generalisation compared to
baselines and prior occluded grasping methods. However, there are some limitations to consider.
Firstly, COMBO-Grasp struggles with unseen objects of significantly different shapes, which could
be addressed by training the teacher and student policy with a more diverse set of geometries. Ad-
ditionally, COMBO-Grasp faces challenges with round objects in the real world, where stabilisation
during occluded grasping is difficult. This issue could be mitigated through a closed-loop control
approach, such as learning a residual policy for real-time constraint pose adjustments.

Finally, while COMBO-Grasp is tailored for bimanual occluded grasping, we view this as a founda-
tional step toward solving a broader range of bimanual tasks, such as threading a needle, painting, or
cutting—where one arm must constrain the object while the other performs precise ma- nipulation.
We see COMBO-Grasp with value-guided implicit coordination as a step towards efficiently solving
this class of problem.
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Figure 8: Grasp success rates of COMBO-Grasp’s student policies. The success rate is reported
for each object in simulation, averaged over 50 trials per object.

A Additional Analysis for Experiments

A.1 Ablation of the Value Function-guided Policy Coordination

The degree to which the value function-guided "

policy coordination improves the task success o F

rate is investigated here. Concretely, the impact 2o

of the scaling parameter w on the constraint dif- g o

fusion policy (see Eq. 3) during teacher pol- 32 — =0 (No Guidance)
icy training is investigated. As illustrated in 02 - :23;3,
Figure 7, the teacher policy’s performance de- 00 —v=30

0 20 40 60 80 100 120 140 160

creases when value function policy coordina- Environment steps (1M)

tion is not applied (i.e., A = 0). On the other

hand, incorporating value function policy coor- Figure 7: Guidance scaling ablation. We
dination consistently enhances the teacher pol- compare the guidance scaling parameter to steer
icy’s overall performance. This finding sug- the output of the constraint policy. This result
gests that the constraint policy occasionally indicates that COMBO-Grasp without guidance
shows worse performance and COMBO-Graspis
robust to a wide range of guidance scaling param-
eters to achieve better performance.

generates constraint poses that are suboptimal
for the grasping policy. Consequently, value
function policy coordination promotes on-the-
fly adjustments and this is cooperation between the two arms achieves higher success rates.

A.2 Student Policy Performance per Object

Figure 8 illustrates the success rate of COMBO-Grasp for each object used during training. While
COMBO-Grasp demonstrate performant success rate across diverse objects, the occluded grasp per-
formance for small objects or objects with complex geometries is reduced when compared to that
of large objects with simple geometries. In order to overcome this limitation, it is suggested that
both teacher and student policies be trained using more diverse objects, such as those available in
the Objaverse datasets [45].
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COMBO-Grasp | wio grasp pose | w/ fixed constraint | w/o refinement | PPO

Cuboid-Medium-Heavy (Seen) 80% (8/10) 80% (8/10) | 60% (6/10) 60% (6/10) | 60% (6/10)

Cuboid-Large-Light 90% (9/10) 80% (8/10) 40%(4/10) 30% (3/10) 30% (3/10)

Cuboid-Small-Heavy 50% (5/10) 60% (6/10) | 50% (5/10) 50% (5/10) | 40% (4/10)

Keyboard 80% (8/10) 40%(4/10) 40% (4/10) 30% (3/10) 10% (1/10)

Bag 80% (8/10) 80% (8/10) 60% (4/10) 80% (8/10) 40% (4/10)

Round-Large-Light 30% (3/10) 10% (1/10) 0% (0/10) 10% (1/10) 0% (0/10)
Average 68.3% (41/60) | 58.3% (35/60) 38.3%(23/60) 43.3%(26/60)  30.0% (18/60)

Table 2: Performance of COMBO-Grasp in real-world environments for seen and unseen objects
with varying shapes, sizes, and weights.

A.3 Real-world Experiments

Table 2 presents the full results of the real-world experiments, including comparisons with all base-
line methods. We observe that baseline approaches often fail to solve the tasks due to poor coordi-
nation between the left and right arms, likely because such coordination is not adequately learned
during training in simulation, and consequently does not transfer well to real-world environments.

B Teacher Policy Details

B.1 Teacher Constraint Policy

We employ a diffusion policy [46] as the basis for the teacher constraint policy. The diffusion
policy is implemented using a Denoising Diffusion Probabilistic Model (DDPM), with a multi-layer
perceptron (MLP)-based backbone. The denoising model is built on a three-level UNet architecture,
comprising residual blocks with a hidden layer size of 512. The diffusion time step is encoded as
an 80-dimensional feature vector. Additionally, the desired grasp pose, x € R?, and the object’s
ID, Xop;40 € RS, are encoded into an 80-dimensional vector respectively to provide task-specific
context. Similarly, the noisy input representing the constraint pose is encoded into another 80-
dimensional vector. These encoded vectors are summed and passed through the residual blocks.
The denoising model outputs the noise added to the original input during the forward diffusion
process. In this work, we use 100 diffusion time steps for both training and inference. We train the
diffusion policy using an Adam optimiser with a learning rate of 1 x 1074,

B.2 Teacher Grasping Policy

We train a teacher grasping policy using Proximal Policy Optimisation (PPO). An actor network
consists of an MLP with 2 hidden layers of sizes [256, 256]. The actor network is parameterized as a
Gaussian distribution with a fixed, state-independent standard deviation. The critic network consists
of an MLP with 3 hidden layers of sizes [256, 256, 256].

We define the privileged information used to train the policy as [Xrobot, Xgoal, xobj] € R%4. The robot
proprioceptive states, X;opor, include the left end-effector pose, xjer; € R?, the right end-effector pose,
Xright € R®, and the translational and rotational action scale parameters for the operational space
controller, Xconrol € R2. The right end-effector states, X,.;1¢, €xclude the z-coordinate position, as
the table height remains constant, and the constraint pose is fixed at a predetermined z-coordinate.
The goal-related states, Xgoq1, consist of the desired grasp pose, Xgrasp € R7, the distance between
the left end-effector and the desired grasp position, Xg;; € R3, and the orientation distance between
the left end-effector and the desired grasp orientation in the axis-angle representation, Xgist ori € R3.
The object states, X, comprise the object pose, Xobj_pose € R, the object velocity, Xobj_vel € RS, the
friction parameters, Xficion € R?, the object’s mass, Zmass € RY, and the object’s ID, Xopjia € R1C.

We train the policy using an Adam optimiser with an adaptive learning rate scheduler! based on the
KL divergence between the current policy and the previous policy, whose maximum learning rate is
1 x 10~2 and the minimum is 1 x 10~5. We use a discount factor of 0.99, a GAE lambda value of

'https://skrl.readthedocs.io/en/latest/api/resources/schedulers/kl_adaptive.html
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Figure 9: Training objects. We choose 48 training objects from the Google Scanned Object
Dataset [32].

W Y -

s -

Figure 10: Test objects. We evaluate 10 held-out objects from the Google Scanned Object Dataset.

0.95, and an entropy coefficient of 6e — 3. After each policy rollout, the policy is updated using a
batch size of 2048 for 8 epochs.

B.3 Reward function

The reward function used in our experiments comprises six terms and is defined as follows:

T = Q1Tdist_pos + QaTgist_ori — Q3T collision (4)

— Q4Taction t+ Q5T ft + Q6T success

where the weighting coefficients are set to a; = 0.2, ag = 0.2, ag = 1.0, ay = 0.025, a5 = 0.1,
and ag = 40. Each term in the reward function serves a distinct purpose in guiding the robot’s
behaviour:

* Position Distance Reward (74;s: 5o0s): This term incentivizes the left end-effector to move
towards the desired grasp position. It is computed as:
Tdist_pos = 1-— tanh(4 : leeft - pgrasp||2)7 (5)

where piere € R? and pgrasp € R represent the current and desired positions of the left
end-effector, respectively.

 Orientation Distance Reward (745 or;): This term encourages the left end-effector to
align its orientation with the desired grasp orientation. The orientation difference is mea-
sured in the axis-angle space‘. The reward is computed as:

Tdistori = 1 — tanh(0~2 : ||01eft - 0grasp||2)> (6)

where Oy € R3 and Ograsp € R3 represent the axis-angle representations of the current
and desired orientations of the left end-effector, respectively.

¢ Action Penalty (7,.:i0,): This term discourages large control commands by penalizing the
magnitude of the action vector:
Taction = ||a||2 @)

¢ Collision Penalty (7conision): To prevent self-collisions and contact with the table, we com-
pute the signed distance (SD) using CuRobo [37]. The collision penalty is given by:

Teollision = O Dself col + S Diaple- (®)
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The signed distance is computed for the robot arms, excluding the grippers, since the grip-
pers must make contact with the table for occluded grasping problems. In CuRobo, a
positive signed distance indicates a collision.

 Lift Reward (rg): This term encourages lifting the object to expose an initially occluded
grasp pose. It is defined as an indicator function:

Tife = l(zgrasp > Zgrasp,init +2 Cm)7 (9)

where Zgrasp and Zgrasp,init denote the current and initial heights of the desired grasp position,
respectively.

e Grasp Success Reward (r5,cccs5): At the end of an episode, a reward of 1 is assigned if
the left arm successfully grasps and lifts the object; otherwise, the reward is 0:

—_— {1, if grasp and lift are successful, (10)

0, otherwise.

C Student Policy Details

We describe the architecture of the student constraint and grasping policy, as shown in Fig. 11.

C.1 Studnet Constraint Policy

The student constraint policy integrates the DP3 encoder [40] and a state encoder to process point
cloud and state observations, respectively.

The DP3 encoder comprises three fully connected layers with dimensions of [128, 256, 384], fol-
lowed by a max pooling operation and a final fully connected layer of size 64. Layer normalization
and ReLU activations are applied after each of the initial three layers preceding the max pooling
operation. The state encoder consists of two hidden layers with dimensions of [128, 256]. The state
encoder outputs a feature vector of size 32 given the desired grasp pose Xg,qsp-

The feature vectors produced by the DP3 and state encoders are concatenated and subsequently pro-
cessed through a MLP to generate a constraint pose. For this work, the student policy utilizes a
Gaussian Mixture Model (GMM)-based approach due to its simplicity and effectiveness. Specifi-
cally, the GMM-based policy employs 5 modes, with a minimum standard deviation of 1 x 1074,
We employ an AdamW optimiser with a learning rate of 5 x 107> and a weight decay of 5 x 1075,

C.2 Student Grasping Policy

We adopt the 3D Diffusion Policy (DP3) [40] as the foundation for the student grasping policy.
The architecture of the DP3 encoder and the state encoder is consistent with that employed in the
student constraint policy. However, the weights of these encoders are independently initialized
from those of the constraint policy. Furthermore, the input dimension for the state encoder in the
manipulation policy differs from that of the constraint policy. The state encoder for the manipulation
policy processes X,qpo¢ and optionally Xg,qsp as input. During training, we employ 100 diffusion
timesteps, whereas during inference a Denoising Diffusion Implicit Model (DDIMs) is used with
10 diffusion timesteps to accelerate action generation. We use an AdamW optimiser with a learning
rate of 5 x 107° and a weight decay of 5 x 1075,

D Simulation Setup

D.1 Training

In order to train a teacher policy from a diverse set of objects, we select 48 objects from the Google
Scanned Object dataset, as illustrated in Figure 9. To train teacher policies efficiently, we spawn
1024 robots and objects in the simulated environment.
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Student grasping policy (Left arm) Student constraint policy (Right arm)
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Figure 11: Student policy architecture. We utilize DP3 [40] as the backbone for the grasping
policy. The DP3 encoder processes the scene point cloud, and its output is concatenated with a
state feature vector obtained by a multi-layer perceptron (MLP). The resulting concatenated vector
serves as the conditioning input for the diffusion-based policy. Similarly, the constraint student
policy employs the DP3 encoder and an MLP, but it takes a desired grasp pose as input. Unlike
the grasping policy, the constraint student policy employs a Gaussian Mixture Model (GMM)-based
policy.

In order to train a policy robust to noises and effectively transfer it to real-world environments,
we apply domain randomisation during teacher policy training. Table 3 describes the details of
the randomisations used in our experiments. We also apply domain randomisation during the self-
supervised data collection for the constraint policy.

Table 3: Domain Randomisation Hyperparameters

Parameter \ Description
Initial robot joint positions Add noise sampled from A(0, 0.05)
Robot base position Add random noise sampled from /(—0.015, 0.015)
to the z-coordinate of the robot base
PID position action scale Sampled from ¢£(0.03, 0.04)
PID rotation action scale Sampled from ¢/(0.1,0.2)
Action Add random noise sampled from N (0, 0.01)
Object mass Add mass sampled from ¢/(—0.1,0.1)
Static and dynamic friction Sampled from ¢£(0.8,1.2)
Grasp position Add random noise sampled from N (0, 0.005)
Grasp translational distance Add random noise sampled from A/ (0, 0.005)
Grasp rotational distance Add random noise sampled from N (0, 0.005)
End-effector position Add random noise sampled from N (0, 0.01)
Object position Add random noise sampled from N (0, 0.01)
Object orientation Add random noise sampled from
U(—0.27 rad, 0.27 rad) to the yaw axis

D.2 Evaluation

To evaluate policies for both seen and novel objects, we also select 10 held-out objects from the
Google Scanned Object dataset (see Figure 10).

E Real-World Experiment Setup

E.1 Input Observation for Student Policies

The distilled student policies take point clouds as input in real-world environments. We render
depth images with the size of 640 x 480 from a Realsense L515 camera to reconstruct point cloud
observations. Similar to [40], we crop the point cloud within a pre-defined bounding box such
that it includes the robot arms and the target object. Then, we remove statistical outliers from the
point clouds reconstructed from depth images and apply farthest point sampling to sub-sample 1024
points.
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E.1.1 Desired Occluded Grasp Pose Generation

In order to scan an object to reconstruct a mesh, we use Polycam, an application that captures
pictures of objects and reconstructs an object mesh using Neural Radiance Fields (NeRF). Using the
reconstructed mesh, we generate desired occluded grasp poses using antipodal sampling.

F Baseline Method Details

F1 PPO

We train a policy using Proximal Policy Optimization (PPO) [41], where the policy outputs 12-
dimensional delta end-effector poses corresponding to both the left and right arms. We use the same
hyperparameters employed for training COMBO-Grasp, except for the entropy coefficient, which is
set to 0.003. This modification was made because using the original entropy coefficient caused a
continuous increase in the policy’s standard deviation, resulting in the policy’s inability to exploit a
stable and effective strategy during training.

F.2 PPO + Constraint Reward

Similar to the PPO baseline, but we introduce an additional reward term that encourages the right
arm to be used as a constraint. In particular, we add a reward r;ghs gist = || — TRIMEE||,,

F.3 COMBO-Grasp w/ Fixed Constraint

Instead of employing a trained constraint policy, we place the right arm as a constraint at a fixed
pose. To accommodate objects of varying sizes and orientations, the constraint is positioned at the
right hand side of the workspace rather than at the centre. This policy is trained using the same
hyperparameters as those employed by COMBO-Grasp.
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5. COMBO-Grasp: Learning Constraint-Based Manipulation for Bimanual
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5.1 Limitations and Future Work

COMBO-Grasp demonstrates significant improvements in both learning efficiency
and generalisation compared to competitive baselines and its own ablated variants.
Despite these advances, several limitations remain. First, COMBO-Grasp struggles
with novel objects that differ substantially in shape from those seen during training.
This limitation could be addressed by exposing both the teacher and student policies
to a broader distribution of object geometries during training. Moreover, COMBO-
Grasp struggles with round objects in real-world settings, where stabilising the
object during occluded grasping proves challenging. A promising direction for
mitigating this issue is the incorporation of closed-loop control, for example, by
learning an additional policy that enables real-time adjustment of the constraint
pose during execution. While such an extension does not eliminate the fundamental
challenges of reward specification and sample efficiency, it nevertheless remains
promising, as it can provide online corrective behaviour that improves robustness
under execution-time disturbances.

Finally, although COMBO-Grasp is designed specifically for bimanual occluded
grasping, we view it as a foundational step toward solving a broader class of
bimanual manipulation tasks, such as threading a needle, painting, or cutting,
where one arm must constrain the object while the other performs precise actions.
COMBO-Grasp, through value-guided policy coordination, lays the groundwork

for solving such tasks more efficiently.



Leveraging Scene Embeddings for
Gradient-Based Motion Planning in Latent
Space

While Chapters 3] [4, and [5] focus on planning-guided skill acquisition by unifying
planning with learning-based approaches, this chapter shifts focus toward improving
model-based approaches through the use of generative models. Specifically, this
chapter introduces AMP-LS, a gradient-based motion planning framework that
optimises a trajectory within a learnt structured latent space, enabling fast and
reactive motion planning in cluttered environments with complex object geometries.
Although AMP-LS is not specifically designed for contact-rich manipulation, its
reactivity and rapid planning speed reduce execution time and improve overall task
performance, thereby strengthening the approaches presented in Chapters[3} [4] and 5]

Motion planning is a core capability for robotic manipulation tasks, which aims to
plan a collision-free path from the current state of a robot to a predefined goal joint or
end-effector pose configuration. While traditional motion planning algorithms, such
as Rapidly-exploring Random Trees (RRT) |7}, 30, 182] and Probabilistic Roadmaps
(PRM) [9, [10], are widely used within the robotics community, these approaches
become intractable as the problem size increases, such as with higher DoF' of the
robot or more complex environments. Furthermore, such approaches are typically

incapable of handling dynamic environments due to their slow planning time.
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Recently, several learning-based motion planning methods [52, [170] have been
proposed to improve planning speeds. However, these approaches often require
large-scale demonstrations obtained through sampling-based motion planning for
supervised learning, which can be time-consuming and costly to generate.

On the other hand, Latent Space Path Planning (LSPP) [19] presents an alterna-
tive approach by learning a structured latent space from static robot kinematics data.
This method employs optimisation-based motion planning within the latent space
learnt using a variational autoencoder (VAE) |16, |17] and incorporates a collision
predictor for obstacle avoidance. However, the collision predictor requires low-
dimensional state information about obstacles and is only compatible with objects
of primitive shapes, which restricts its application in complex real-world scenarios.

To address these limitations, AMP-LS significantly extends LSPP by incorpo-
rating a collision predictor that leverages scene embeddings (see Chapter @, Fig. 2)
and explicit collision checking for safer collision avoidance (see Chapter @, Alg. 1).
Similar to LSPP, AMP-LS learns a structured latent space from readily available
robot kinematics data by employing a 8-VAE [16]. In contrast to LSPP, which
trains a collision predictor from low-dimensional state observations of obstacles,
we train a vision-based collision predictor using diverse synthetic scenes generated
in simulation. These scenes include pairs of randomly sampled diverse robot
joint configurations and collision labels, in which the objects are drawn from
ShapeNet [192]. AMP-LS generates a trajectory by minimising a combination
of collision probability and end-effector distance losses. Starting from an initial
latent representation encoded by a VAE from the robot’s initial joint states, the
gradients of these losses are backpropagated through the collision predictor and
VAE decoder, both dependent on the latent representation, thereby updating it to
generate a collision-free trajectory toward the desired end-effector pose. Moreover,
we explicitly check for collisions in the interpolated trajectory between the current
and next joint state. This allows AMP-LS to achieve safer collision avoidance in

complex environments (see Chapter 6] Alg. 1).
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The experiments demonstrate that AMP-LS can generate collision-free trajec-
tories in novel, complex scenes, achieving success rates comparable to traditional
planning baselines while substantially reducing planning time in simulation (Chap-
ter @, Table 1), by leveraging only a readily collected dataset. Furthermore, we
qualitatively show that AMP-LS transfers effectively to real-world environments,
including both complex static scenes and dynamic scenarios involving reaching a
moving target while avoiding a moving obstacle (see Chapter @ Fig. 3).

This chapter shows that a structured latent space trained on readily available
data using generative models, and a vision-based collision predictor trained on
synthetic data, enable gradient-based motion planning with improved planning
speed and reactivity in complex, novel environments. In summary, this chapter

presents the following key contributions:

1. AMP-LS, a significant extension of LSPP that integrates a vision-based
collision predictor trained on diverse synthetic cluttered scenes, together
with explicit collision checking, into gradient-based motion planning within
a learned latent space, enabling closed-loop, reactive obstacle avoidance in

complex, novel environments.

2. Demonstration of generating collision-free trajectories in previously unseen,
complex scenes, achieving success rates comparable to traditional baselines

while substantially reducing planning time in simulation.
3. Successful zero-shot transfer of AMP-LS to real-world environments.

4. Closed-loop reactive control capabilities, allowing the robot to reach moving

targets while actively avoiding dynamic obstacles.

Jun Yamada*, Chia-Man Hung*, Jack Collins, Ioannis Havoutis, Ingmar Posner,

(2023). Leveraging Scene Embeddings for Gradient-Based Motion Planning in
Latent Space, IEEE International Conference on Robotics and Automation (ICRA)



Leveraging Scene Embeddings
for Gradient-Based Motion Planning in Latent Space

Jun Yamada*!', Chia-Man Hung*!2, Jack Collins', Ioannis Havoutis?, Ingmar Posner

Abstract— Motion planning framed as optimisation in struc-
tured latent spaces has recently emerged as competitive with tra-
ditional methods in terms of planning success while significantly
outperforming them in terms of computational speed. However,
the real-world applicability of recent work in this domain
remains limited by the need to express obstacle information
directly in state-space, involving simple geometric primitives.
In this work we address this challenge by leveraging learned
scene embeddings together with a generative model of the robot
manipulator to drive the optimisation process. In addition,
we introduce an approach for efficient collision checking
which directly regularises the optimisation undertaken for
planning. Using simulated as well as real-world experiments, we
demonstrate that our approach, AMP-LS, is able to successfully
plan in novel, complex scenes while outperforming traditional
planning baselines in terms of computation speed by an order
of magnitude. We show that the resulting system is fast enough
to enable closed-loop planning in real-world dynamic scenes.

I. INTRODUCTION

Motion planning is a core capability for robotic manipula-
tion tasks [1], [2] with the fundamental aim of planning
a collision-free path from the current state of an artic-
ulated configuration of joints to a predefined goal joint
or end-effector pose configuration. Sampling-based motion
planning algorithms, such as Rapidly-Exploring Random
Trees (RRT) [3] and Probabilistic Roadmap (PRM) [4],
are widely used within the robotics community as they
have well understood properties in regards to planning time
and collision avoidance. However, sampling-based methods
become increasingly intractable as the problem size increases
(i.e., Degrees-of-Freedom (DoF) of the robot, environment
complexity, and length of the path) and are also typically too
slow to be used for closed-loop planning, as any change to
the environment requires re-planning [5].

Recently, learning-based motion planning [6], [7] has
gained the attention of the robotics community with the
promise of increased computational efficiency and faster plan-
ning speed. Notably, Latent Space Path Planning (LSPP) [§8]
introduces motion planning via gradient-based optimisation
in the latent space of a VAE. The success rate of LSPP
is commensurate with that of commonly used sampling
and gradient-based motion planners, but with significantly
reduced planning time. By learning a structured latent space
using kinematically feasible and easily generated robot
states, a learned latent space that is optimised via activation
maximisation (AM) [9] can produce diverse and adaptive
behaviours [10]. However, LSPP relies on state-based obstacle
representation with predefined object shapes, which do not
easily transfer to real-world environments.

*Equal contribution.
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Fig. 1: Problem setup. AMP-LS generates a collision-free
trajectory via gradient-based optimisation by leveraging scene
embeddings. Our model is trained on kinematically feasible
robot joint states and synthetic point clouds of diverse scenes.
For evaluation, our method is deployed to unseen scenes
including: (a) Simulated static env: Novel scenes generated
by randomly placing obstacles on a table. (b) Real-world
static env: A robot avoids the table legs to reach the pre-
grasp location of the unassembled table leg. (c) Moving
Conveyor Belt env: A robot reaches a moving target object
while avoiding an obstacle on the conveyor belt by using
closed-loop planning.

To address the limitation of LSPP, we introduce a method
significantly extending the prior work by incorporating a col-
lision predictor that leverages scene embeddings and efficient
collision checking, which regularises the optimisation during
planning for safe collision avoidance. We name this new
method Activation Maximisation Planning in Latent Space
(AMP-LS). Specifically, we adapt SceneCollisionNet [11],
trained on diverse synthetic point clouds of scenes generated
with objects from ShapeNet datasets [12], for our purpose to
facilitate zero-shot transfer to unseen environments, including
real-world scenes (see Fig. 1). Due to the speed of our
approach, we also show that our method can be applied
to closed-loop settings where both the obstacles and goal
pose are moving.

The contributions of our work are threefold: (1) we present
Activation Maximisation Planning in Latent Space (AMP-
LS), which significantly extends LSPP by incorporating
a collision predictor that leverages scene embeddings and
explicit collision checking in order to regularise optimisation
when planning for obstacle avoidance; (2) we empirically
demonstrate that our approach can be zero-shot transferred to
unseen scenes, including real-world environments, through the



use of a collision predictor that is trained on diverse synthetic
scenes; (3) we show that our method can be applied to closed-
loop settings with reactive behaviour, capable of reaching a
moving target while also avoiding a moving obstacle.

II. RELATED WORKS

Sampling-based motion planning approaches such as
RRT [3], [13] and PRM [4] are widely used to gener-
ate collision-free trajectories in robotics. PRM requires a
pre-computed roadmap; RRT often struggles to find the
solution with the shortest path. While several extensions
such as RRT* [13] and BIT* [14] have been proposed
to achieve asymptotic optimality and reduce computational
cost, these approaches typically demand many samples—a
runtime problem that compounds with increases in robot
DoF, environmental complexity, or path length [15]. Another
limitation of sampling-based motion planners is that they do
not support real-time planning, as re-planning is required to
navigate dynamic environments.

Optimisation-based planning approaches such as covariant
Hamiltonian optimisation for motion planning (CHOMP) [16]
and Stochastic Trajectory Optimisation for Motion Planning
(STOMP) [17] require a large number of trajectories when
given multiple constraints. These approaches typically start
from an initial guess, a trajectory linking the start and desired
end states, which is refined through minimisation of a cost
function. Computation terminates when a stop condition
is met or the algorithm times out. The artificial potential
algorithm [18], [19] is perhaps the closest optimisation-based
planning approach to our work. It achieves real-time obstacle
avoidance by creating attractive and repulsive fields around
goals and obstacles. End-effector movement is then guided
by the gradient of these fields. Although appealing in its
simplicity, it struggles to handle additional constraints on
properties that cannot be fully determined by robot joint
configuration.

Several recent works attempt to leverage neural networks
for motion planning. Neural motion planning methods [20],
[21], [6], [22] employ imitation learning (IL) on expert
demonstrations generated by a sampling-based motion planner
or reinforcement learning (RL) [23] to learn motion policies.
Notably, Motion Policy Network [24] achieves commensurate
success rates when compared against traditional planning
approaches and even generalises well to unseen environments.
However, these methods require a large number of trajectories,
often generated by an expert planner, to train a motion
planning policy.

Another set of works performs planning in a learned
latent space [25], [8]. L2RRT [21] plans a path in a learned
latent space using RRT. Our work builds upon Latent Space
Path Planning (LSPP) [8]. LSPP plans a trajectory for a
robot via iterative optimisation using activation maximisation
(AM) [9] in a latent space of the robot kinematics learned
by a generative model. Leveraging a collision predictor as
a constraint, LSPP successfully plans a collision-free path
with improved efficiency in planning time. However, LSPP
approximates a scene as a set of cylindrical obstacles and
requires state-based knowledge of the scene, such as position
and shape of obstacles. Such narrow scene definitions and
lack of complete information limits the application of this
method to real-world problems.

To successfully generate a collision-free path in a scene
with obstacles, learning a collision predictor to identify the
collision between a robot and the scene is essential. Prior
neural motion planning methods [20], [21], [6], [26] learn
obstacle representations either from 2D images, occupancy
grids, or point clouds, instead of explicitly predicting a
probability of collision. SceneCollisionNet [11] learns the
scene embeddings for a collision predictor from a large
number of synthetic scenes generated with diverse objects
from ShapeNet [12]. To leverage a collision predictor as a
constraint for motion planning, we utilise SceneCollisionNet
and adapt it to work within our latent planning framework.

III. APPROACH

In this work, we introduce a method significantly extending
the prior work [8] and name it Activation Maximisation Plan-
ning in Latent Space (AMP-LS). Similar to the prior work [8],
AMP-LS leverages a variational autoencoder (VAE) [27], [28]
to learn a structured latent space to generate kinematically
feasible joint trajectories. While a collision predictor in the
prior work relies on state-based obstacle representations,
our collision predictor leverages scene embeddings obtained
from SceneCollisionNet [11] to readily achieve zero-shot
transfer to unseen environments. Further, we present an
approach for explicit collision checking to directly regularise
the optimisation to plan collision-free trajectories. In the
following section, we describe an overview of our model (see
Fig. 2) and optimisation objective for planning.

A. Problem Formulation

Similar to LSPP [8], we consider the problem of generating
a collision-free trajectory consisting of robot joint configu-
rations {qo,...,qr} for a robot in an environment with
obstacles. A state x; at time ¢ consists of a kinematically
feasible robot joint configuration q;, and its end-effector
position e}’* and orientation €{"*. While LSPP considers only
the joint states and end-effector position, adding orientation is
essential to tackle motion planning problems. The end-effector
orientation e°”¢ employs a 6D representation of SO(3), which
consists of the first two column vectors in a rotation matrix
R. This representation is suitable for learning rotations using
neural networks due to its property of continuity [29]. Note
that no prior information of obstacles (e.g., mesh) is given.
In contrast to LSPP, which leverages low-dimensional state
information as an observation, AMP-LS utilises point cloud
observations o; € R™*? with n points from a third-person
camera, which includes only scene information. Thus, the
robot point cloud is filtered out from the raw point cloud.

B. Learning Latent Representations of Robot State

To plan cohesive paths for the manipulator using a learned
latent space, the latent space must be structured such that
representations of similar joint states are close to each other.
Leveraging a VAE [27], [28], prior work [8] successfully
learns such a latent space and captures a notion of local
distance in joint space. In their representation, poses that
are close to each other in joint space are also close in
latent space. Similarly, we also learn a VAE consisting of
an encoder ¢,(z|x) and decoder py(x|z), where z is the
latent representation. To train the VAE, rather than directly
maximise the evidence, py(x) = [ po(x | z)ps(2z)dz, which
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scene point cloud observation o. The collision predictor built upon SceneCollisionNet learns to output a probability ¢ of
collision between the robot arm and obstacles. To plan a collision-free trajectory, gradient-based optimisation is applied
to produce a sequence of latent representations {z;};_; each of which has a low probability of collision with the scene
using the learned collision predictor. A sequence of joint states {q;}7_; is generated by decoding the sequence of latent

representations {z;}7_; using the trained decoder in the VAE.

is generally intractable, we instead optimise the evidence
lower bound (ELBO) LEMBO < p(x):

LELBO _ Eznq,(z)x) 108 po(x | 2) — Dkr. [q4(2z | X)||p(2)]

Reconstruction Accuracy KL Term

ey
There is a trade-off in the ELBO loss between the recon-
struction accuracy and the KL term: accurate reconstruction
at the cost of poorly structured latent space, on one hand,
or well-structured latent space but noisy reconstruction, on
the other. These terms are often manually weighted in the
ELBO formulation [30]. An alternative to manually tuning
the weight is to use GECO [31]. GECO adaptively tunes
the trade-off between reconstruction and regularisation by
formulating the ELBO loss as a constrained optimisation
problem with a Lagrange multiplier A:

LEECO = —Dxy [45(z | %)|[p(2)] +A  Egng, (210 [C(x, %))

KL Term

Reconstruction Error Constraint

This encourages the model to optimise the reconstruction
accuracy first, until it reaches a predefined target. The KL
term is then optimised. The generative model is trained on a
dataset of kinematically feasible joint states of the robot.

C. Activation Maximisation for Motion Planning

Our goal is to plan a trajectory consisting of robot joint
configurations towards a target pose. That is, given a target
end-effector position g,y and orientation e{i.., we expect
our method to generate a sequence of joint configurations
{qo, - . .,qr} that leads a robot to the target pose. Leveraging
the trained VAE inspired by prior work [8], we can compute
such a sequence of robot joints by decoding the latent
representation of the VAE model {2, . .., zr}. This sequence
of the latent representation is computed in a probabilistic

model through activation maximisation (AM) [9]:
zi41 =2 — aan VL 3)

where

LM = Narger (|77 — el |, +

5071 ort
= - etarget ||2)

Target Position Loss Target Orientation Loss 4

+ (—logp(z))
————

Prior Loss

In contrast to the prior work [8], we also introduce an end-
effector orientation constraint, which is generally useful for
reaching a pre-grasp pose. The first latent representation zg
is acquired by encoding the current/starting robot state zy ~
¢4 (z|x = x¢). Note that model parameters are not updated,
but only the parameterised latent variable z is iteratively
updated. The first two terms in £AM (Eq. 4) guide the latent
representation to decode robot joint states that approach the
target pose. The third term is the likelihood of the current
representation under its prior, which is introduced in [8] to
encourage the latent representation to stay close to the training
distribution, thus decoding to kinematically feasible pair of
joint position and end-effector pose.

D. Collision Constraints

To generate a collision-free trajectory, similar to that used
in prior work [8], we add collision constraints to the objective
function in Eq. 4 by introducing a collision predictor. While
the prior work uses narrowly defined state-based obstacle
representations as input to the collision predictor, in our
approach, we adapt SceneCollisionNet [11] to embed scene
observations for zero-shot transfer to unseen environments.
The voxel features from SceneCollisionNet are concatenated
with the latent representation of the VAE z and the rotation
and relative translation from each robot link to the centre of
the closest voxel to form the input to the collision classifier.
The classifier predicts the probability of collision ¢ between
the robot and obstacles (see Fig. 2). Note that we train the



Algorithm 1 Planning a collision-free path in latent space
via activation maximisation

1: Initialise a buffer D = {qo}, Apos, Aoris Acols Qprev = o
2 zg ~ qy(z|x = X0)
3 fort=0,1,2,..., H do
4 {Qr, e, ey} ~ po(x|z = z)
if ¢t > 0 and py(2zt,0t) < Yol then

5
6: {qprew ceey élt} = finterpolate(qprev’ élt)

> Linear interpolation between qprev and
7: if collision in {qprev, ..., G} then
8: i <— index of the first joint state with collision in
the interpolated trajectory
9: m < {Qprevs - - -, Ge }| ‘
10: Reduce Ayos and Ao by a factor of ;-
11: qi <~ Qprevs Zt < Zprev
> Back trace to the previous joint and latent representations
Qprev and Zprey for replanning
12: else
13: D« DU {dprev,-- -Gt}
14: if d(é;, eurger) < v then
15: break
16: end if
17: Qprev < qt’ Zprey < Zt
18: end if
19:  end if

20:  Compute losses (Eq. 5)

21:  Update Apos, Aoris and Ao using GECO
22: Ziy) < Zy — OzAMVL:tAM

23: end for

collision predictor only on features of voxels closest to each
robot link to ignore unnecessary voxel information. While
training the collision predictor, the weights of the pre-trained
VAE are frozen so that the pre-trained latent space does not
change. The collision predictor is trained using the binary
cross-entropy (BCE) loss with ground truth collision labels.
To drive the latent representation away from obstacles, we
incorporate the collision predictor loss into Eq. 4:

&pos pos

£AM = Atarget( — €arget ||2 +

5071 ort
€ - etarget ||2)

Target Position Loss Target Orientation Loss 5)

+Acol (—log (1 — py (2,0))) + (—log p(z))

Collision Loss

Prior Loss

During planning, three coefficients Areec and Aeop are automat-
ically and dynamically adjusted by GECO [31]. Minimising
the collision loss during AM optimisation drives the latent
representation z towards the representation whose decoded
joint configuration is collision-free.

E. Collision Checking

While prior work [8] simply optimises the objective
function until it reaches a target, we observe that it is
hard to perfectly balance multiple loss terms and that such
simple optimisation often results in collision between the
robot and obstacles. In contrast to the target losses, the
collision loss is inherently a hard constraint that should not
be violated at any point in the trajectory. To address this
issue, our high-level idea is that collision can be predicted

and avoided before execution and the coefficients of the
objective function determine the direction in which the latent
representation is heading towards. Specifically, we introduce
explicit collision checking using the learned collision predictor
and automatic rescaling for coefficients during the planning to
avoid obstacles more safely. That is, if a collision probability
of the decoded joint configuration is higher than a predefined
threshold v.,, we reject such robot configuration that is
highly likely to be in collision and keep optimising the
latent space until the decoded joint state is collision-free.
Then, we interpolate a trajectory between the current and
decoded collision-free joint state in m steps and pass them
to the collision predictor to check for collision. If there is
any collision in the interpolated trajectory, we obtain its
index ¢ of the joint state with collision closest to the current
joint state and reduce the coefficient of the target position
and orientation loss by multiplying by .-, to encourage the
optimisation to minimise the collision loss. Intuitively, this
scaling induces the robot to deviate from the original route
drastically depending on how close it is to an obstacle. This
process continues until the collision-free next joint state is
found and there is no collision in the interpolated trajectory
between the current joint state and the next joint state. In our
experiments, we use the threshold of 7., = 0.4. For further
details, see Algorithm 1.

IV. IMPLEMENTATION DETAILS
A. Architecture Details

Our VAE encoder and decoder consist of three fully
connected hidden layers with 512 units and ELU activation
functions [32]. The input dimension to the VAE is 16,
consisting of robot joint states q € R”, end-effector position
eP*s ¢ R3 and 6D representation of end-effector rotation
matrix e’ € RS. The dimension of the latent space z is
7. The collision classifier consists of fully connected layers
with units of [1024, 256].

B. Training Details

The VAE is trained using kinematically feasible robot joint
configurations. To generate such joint states, we leverage
the Flexible Collision Library (FCL) [33] for self-collision
checking. The VAE model is trained with a batch size
of 256 for about 2\ training iterations using the Adam
optimiser [34] with a learning rate of 3e—4 on a GeForce
RTX 3090. Throughout the training, valid robot configurations
are generated on the fly as it is cheap to do so. In total, the
model is exposed to around 5000 configurations.

The collision predictor is trained on diverse synthetic
point cloud data to assist zero-shot transfer to scenes with
unseen obstacles. Such scenes are generated by placing objects
randomly sampled from the ShapeNet dataset [12], consisting
of 8828 3D meshes. Each object is placed on a planar surface
with a random position and rotation. We sample the number
of objects placed on the surface from a uniform distribution
between 4 and 8. To train the collision predictor, a new
scene is procedurally generated for each training iteration
similar to the prior work [11], and we randomly sample 2048
instances of kinematically feasible robot joint configurations
and check for collisions between each robot configuration
and the generated scene using FCL. A third-person RGB-D
camera is directed towards the centre of the scene to sample



Fig. 3: Visualisation of real-world experiments. Top: Our method successfully plans a collision-free trajectory in a complex
real-world scene from an impeded start configuration to a pre-grasp goal configuration. By training a collision predictor
on diverse synthetic scenes, our method can readily transfer to such unseen scene. Bottom: AMP-LS can be applied to
closed-loop planning to avoid moving obstacles and reach a moving target object on a conveyor. This reader is referred to

our supplementary video for better visualisation.

point clouds. The camera extrinsics are randomly sampled for
each query from a predefined range of roll, yaw, and pitch
parameters. Thus, 2048 unique valid robot configurations and
point clouds are procedurally generated for each iteration to
train the collision predictor. We train the collision predictor for
1M training iterations using SGD with a learning rate of le—3
and with momentum 0.9 for approximately 7 days, which is
similar to the training time requirement of SceneCollisionNet.

C. Deploymenet details

In open-loop planning, the current state xq is encoded to
a latent representation zy. Then, the encoded latent repre-
sentation is iteratively optimised through AM optimisation
(see Eq. 5) until the end-effector reaches the target pose with
a tolerance of . In closed-loop planning, while the latent
representation is similarly optimised, a point cloud input for
the collision predictor and the target pose in the objective
function (see Eq. 5) are updated at each time step for reactive
motion.

V. EXPERIMENTS

We design our experiments to answer the following guiding
questions: (1) how does AMP-LS perform compared to
traditional motion planning methods such as sampling and
optimisation-based approaches in open-loop settings? (2) does
AMP-LS transfer zero-shot to real-world static environments?
(3) does AMP-LS cope with dynamic environments using
closed-loop planning?

A. Experimental Setup

We evaluate our approach in both simulated and real-world
environments. In simulated experiments, we use the Gazebo
simulator [35] with ROS. In all of the simulated and real-
world experiments, we use a 7-DoF Franka Panda robot.

B. Open-Loop Planning for Reaching Static Targets

We evaluate AMP-LS in an open-loop planning setup in
a simulated environment. In this experiment, obstacles in
the environment are static. We select a range of sampling
and optimisation-based motion planners typically used by the
robotics community and available within the unified Movelt!
library. We compare our method against several sampling-
based motion planners and an optimisation-based motion
planner: RRT-Connect [36], RRT* [13], Lazy PRM* [37],

LBKPIECE [38], BIT* [14], and CHOMP [16]. CHOMP
uses a linear initialisation from start to goal joint positions.
Since we assume that complete knowledge of the environment
is not available, occupancy maps [39] generated from point
clouds are used for collision checking in motion planning
baseline methods. We evaluate the methods on 100 novel
scenes where objects are randomly placed on a table (see
Fig. 1 (a)). The hyperparameters used for GECO to determine
coefficients of our objective function (see Eq. 5) are found
via a grid search similar to that of prior work [8]. For the
baselines, we use the default parameters provided by Movelt
OMPL. For RRT*, Lazy PRM*, and BIT#*, the same 1 second
planning budget is given. Across all methods, a motion plan
is considered to be successful if a robot reaches a target
within a distance tolerance of 1cm and orientation tolerance
of 15 degrees.

As illustrated in Table I, our method achieves a reasonable
success rate with improved planning time compared to most
of the motion planning baselines. Specifically, AMP-LS
outperforms CHOMP, which is also an optimisation-based
motion planner, by a significant margin because CHOMP
requires a large number of trajectories to find a feasible path
in complex scenes, in contrast to AMP-LS. AMP-LS still has
a commensurate success rate against RRT-Connect, but the
planning time of AMP-LS is an order of magnitude faster than
the baseline. Traditional motion planning baselines often fail
to find a collision-free path within a short time and sometimes
plan a path with collision due to occlusions in the scenes. In
contrast, our collision predictor is trained on diverse synthetic
scenes with occlusion and can therefore reason about occluded
regions, similar to SceneCollisionNet [11]. While our method
demonstrates reasonable accuracy and improved planning
efficiency, the path length is longer than most of the other
baselines. The longer path length is due to the design of
the planning strategy [8] that tunes the coefficients of losses
automatically to avoid obstacles, thus not directly minimising
the path length. To address this issue, additional optimisation
constraints could be explored in the future that focus on
reducing the path length.

As illustrated in Table I, we also ablate constraints, such as
prior loss, collision loss, and explicit collision checking. The
success rate of AMP-LS without a collision loss significantly
drops, indicating that our collision predictor successfully



Success rate  Planning time (s)  Path length
AMP-LS (ours) 0.88 £+ 0.06 0.16 + 0.13 3.61 £ 1.05
AMP-LS w/o col. loss 0.46 £ 0.10 0.12 £ 0.04 3.68 £ 1.29
AMP-LS w/o prior loss 0.35 + 0.09 0.24 £+ 0.21 323 + 112
AMP-LS w/o explicit collision || 0.75 £ 0.08 0.15 £ 0.21 3.50 £ 1.12
RRT-Connect 0.86 £ 0.07 1.60 £ 0.89 2.17 £ 0.84
RRT* 0.36 &+ 0.09 N/A 2.25 £ 0.78
Lazy PRM* 0.82 + 0.08 N/A 2.26 + 0.82
LBKPIECE 0.23 £ 0.08 2.54 £ 1.12 2.34 £0.92
BIT* 0.63 &+ 0.09 N/A 242 £+ 1.02
CHOMP 0.39 & 0.10 2.24 +£0.79 2.41 £ 0.90

TABLE I: Comparison of performance of our method AMP-
LS against baseline motion planning algorithms with ablations.
We also report 95% confidence interval of Wilson score [40]
for success rate and standard deviation for planning time and
path length. The path length is normalised by dividing the
actual path length by the distance between the initial and
target end-effector positions for fairer comparison.

constrains the latent space even in novel scenes. Similar to
the prior work [8], AMP-LS without the prior loss results in
significantly poorer performance as the latent representation
is optimised to drive into unseen latent representations,
which decode to kinematically inconsistent configurations.
Furthermore, Table I shows that the success rate of AMP-
LS without explicit collision checking drastically decreases
because perfectly optimising multiple loss terms is often
challenging, resulting in the collision with obstacles.
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Fig. 4: Coordinates of end-effector and moving targets
in closed-loop settings. To verify the ability of closed-loop
planning in our method, we deploy our method to the real-
world robot arm to reach a moving target.

C. Real-World Open-Loop Planning in a Complex Scene

Our method readily transfers to complex real-world scenes.
To verify this, we qualitatively evaluate our method in a
complex real-world static scene using open-loop planning
as illustrated in Fig. 1 (c). In this task, the robot needs to
reach the unassembled table leg while avoiding the other
table legs to achieve a pre-grasp pose in a furniture assembly
task. We control the robot arm using an impedance controller.
As shown in Fig. 3 Top, our method can successfully plan a
collision-free trajectory for a robot starting next to the table
legs to avoid obstacles and reach the unassembled table leg
on the table. This demonstrates that our collision predictor,
trained on diverse synthetic scenes, is transferable to real-
world environments.

D. Closed-Loop Planning for Moving Obstacles and Targets

As our method is, by design, an efficient local planner,
AMP-LS is able to act reactively when operated as a closed-
loop system. To verify the closed-loop potential of AMP-LS,
we deploy our method on a robot with the goal of reaching
a moving target without obstacles. To control the real-world
robot, a desired next joint position is sent to an impedance
controller at 10Hz. Fig. 4 illustrates coordinates of the moving
target and the end-effector position over 50 seconds. Since
our method can predict the next desired joint state quickly,
the robot can reactively follow the moving target.

To further demonstrate the ability of reactive motion using
AMP-LS, we evaluate our method on a setup where the robot
needs to avoid moving obstacles and reach a target object on
a conveyor in both simulated and real-world environments
(see Fig. 3 Bottom). Firstly, we quantitatively evaluate our
method to examine the ability of reactive motion in the
simulated environment. In this evaluation, we randomly
generate obstacles of different sizes, and the obstacle and a
target object are randomly placed on the conveyor belt. We
observe that the robot successfully avoids the obstacle and
reaches a moving target on the conveyor with a success rate
of 93.3% (28/30 trials) thanks to the fast planning of our
method. Note that we use a threshold of 3cm and 20 degrees
in this experiment, because tight tolerance for reaching a
moving target is challenging unless a future state of the target
is estimated and used for planning.

In the real-world experiment, the robot starts moving
towards the target object with attached AprilTag [41] that is
tracked by the third-person camera. For closed-loop planning,
the collision predictor takes as input a point cloud for
each time step. As illustrated in Fig. 3 Bottom, the robot
successfully avoids the moving obstacle to reach and follow
the target object.

VI. CONCLUSION

In this work, we present AMP-LS, a learning-based motion
planning approach that generalises to unseen obstacles in
complex environments. AMP-LS builds upon LSPP [8] and
inherits a number of desirable properties. However, AMP-
LS considerably extends LSPP by introducing a collision
predictor trained on diverse synthetic scenes to leverage scene
embeddings for unseen scene generalisation, and explicit
collision checking during planning for safe obstacle avoidance.
We demonstrate that AMP-LS successfully generates collision-
free paths in both unseen simulated and real-world scenes.
The comparison between AMP-LS and several sampling
and optimisation-based motion planning baselines shows
that our method achieves a commensurate success rate
with much improved planning time. Furthermore, our real-
world experiments show that AMP-LS can handle both open
and closed-loop planning, which significantly broadens the
applicability to real-world robotic problems.
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6.1 Limitations and Future Work

While AMP-LS employs a collision classifier for collision checking, the classifier
occasionally predicts a low collision probability even when the robot arm is in close
proximity to an obstacle, which may fail to induce avoidance behaviour. To address
this limitation, a differentiable signed-distance function [160] could be incorporated
to provide more informative gradients. These gradients encode both the proximity
to obstacles and the direction of increasing clearance, thereby inducing smooth
repulsive motion that guides the trajectory away from obstacles during optimisation.

To extend AMP-LS to more complex scenarios, such as non-tabletop environ-
ments, it is essential to collect a diverse set of scenes for training the collision
classifier. In addition, as with prior optimisation-based approaches, careful tuning
of the loss term coefficients in the AMP-LS framework is critical for effective
planning. Trajectory smoothness could also be improved by incorporating minimum
jerk costs, similar to the prior work [160].

AMP-LS enables a robot to react to moving obstacles or targets by updating
the structured latent representation through gradients derived from the decoder
and collision classifier, conditioned on new observations. This mechanism allows the
planner to adapt reactively to environmental changes. However, the formulation
implicitly assumes that the environment remains approximately static within
each optimisation step. When dynamic objects undergo substantial motion over
that horizon, reactive latent updates based on the current observation become
insufficient. In such cases, explicitly modelling environment dynamics and predicting
the future motion of dynamic objects would be necessary to enable anticipatory
avoidance and tracking.

Finally, a promising direction for future work is to integrate AMP-LS with
sampling-based methods, using sampled trajectories as initial seeds for gradient-
based optimisation. This hybrid approach could not only improve convergence and
help avoid local minima but also provide feasible initial seeds for local gradient

refinement, leading to shorter and more efficient trajectories.



TWIST: Teacher-Student World Model
Distillation for Efficient Sim-to-Real
Transfer

This chapter addresses the problem of learning a forward dynamics model from data
via generative modelling, enabling planning and policy optimisation for contact-rich
manipulation tasks. In particular, this chapter introduces TWIST, a framework that
facilitates sim-to-real transfer for a world model and an associated policy optimised
within this model. This approach substantially reduces the reliance on extensive
real-world interaction data to train a world model. In contrast to Chapter [6] which
focuses on learning a structured latent space for kinematic planning, TWIST centres
on optimising a control policy on a world model for contact-rich manipulation tasks.

World models [55], which learn the forward dynamics of an environment, provide
a powerful foundation for planning and policy optimisation. Model-based RL
approaches [14, [126] that exploit such models have shown clear advantages over
model-free RL, particularly in sample efficiency and adaptability to novel tasks.
However, most prior works on model-based RL focus on simulated experiments |13|
14|, 127) or assume access to large-scale offline, real-world datasets [56] to train
a world model, a resource not readily available in many real-world scenarios.
Instead of training RL policies directly in the real world, sim-to-real transfer

has emerged as a common approach, where policies are first trained in simulation
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and subsequently deployed in real-world environments. To effectively transfer the
policy from simulation to real-world environments, domain randomisation [57] is a
key technique, randomising visual appearance and physics parameters in simulation
to improve generalisation in the real world. However, most existing work on sim-to-
real transfer is applied to model-free RL [193-195], and naively applying domain
randomisation to train a world model for model-based RL is sample-inefficient
and computationally demanding [58].

To address these challenges, this chapter presents TWIST (see Chapter ,
Fig. 1 for an overview), which leverages privileged information readily available in
simulation and employs teacher-student distillation to acquire a vision-based student
world model for efficient sim-to-real transfer in model-based RL. In particular,
TWIST utilises two world models, a teacher and a student, to learn the environment
dynamics. Firstly, the teacher model and its associated RL policy are trained using
low-dimensional state observations, which are privileged information accessible only
within the simulator. This design allows the teacher model to remain unaffected by
visual appearance changes introduced by domain randomisation and learn compact
latent representations that capture task-relevant information of the environment
dynamics. While training the teacher from the state observations, a matching
dataset of domain-randomised image observations is generated.

To perform teacher—student distillation, TWIST exploits the capabilities of
generative modelling in world models (see Chapter [7, Alg. 1). In addition to
trajectories stored in a replay buffer during teacher model training, the teacher
world model generates synthetic trajectories by rolling out the policy within its
learnt dynamics, while the student generates corresponding trajectories from the
same initial state and action sequence in its compact latent space. The student is
then trained to align its latent representations with those of the teacher, ensuring
consistent predictive behaviour. This process enables the student to map domain-
randomised image observations into the teacher’s latent space more effectively,

thereby facilitating effective sim-to-real transfer (see Chapter , Fig. 6).
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After this distillation process, the student world model and the associated RL
policy trained on the world model are transferred to real-world environments.
Since the RL policy operates on compact latent representations of the world
models, it performs consistently across both models after distillation without
requiring re-training.

Furthermore, TWIST successfully solves a contact-rich non-prehensile pushing
task using a Franka Panda robot in real-world settings, demonstrating the effec-
tiveness of the proposed sim-to-real transfer framework for model-based RL (see
Chapter [7} Fig. 5). While this work primarily demonstrates policy optimisation,
TWIST could also be used for planning, such as MPPI [12].

This chapter demonstrates that a world model trained using generative mod-
els in simulation can be effectively transferred to real-world environments via
teacher—student distillation using imagined trajectories, thereby eliminating the
need for large amounts of real-world interaction data. In summary, Chapter

presents the following contributions:

1. TWIST, a framework for sample-efficient sim-to-real transfer in model-based

RL

2. Distillation in imagination aligns the student’s latent dynamics with the

teacher, using imagined rollouts generated by the world models.

3. TWIST substantially outperforms vision-based model-based RL methods
using vanilla domain randomisation, as well as strong model-free baselines, in

real-world manipulation tasks.

Jun Yamada, Marc Rigter, Jack Collins, Ingmar Posner, (2024). TWIST: Teacher-

Student World Model Distillation for Efficient Sim-to-Real Transfer, IEEE Inter-
national Conference on Robotics and Automation (ICRA)



TWIST: Teacher-Student World Model Distillation for Efficient
Sim-to-Real Transfer

Jun Yamada, Marc Rigter, Jack Collins, Ingmar Posner

Abstract— Model-based RL is a promising approach for real-
world robotics due to its improved sample efficiency and gen-
eralization capabilities compared to model-free RL. However,
effective model-based RL solutions for vision-based real-world
applications require bridging the sim-to-real gap for any world
model learnt. Due to its significant computational cost, standard
domain randomisation does not provide an effective solution
to this problem. This paper proposes TWIST (Teacher-Student
World Model Distillation for Sim-to-Real Transfer) to achieve
efficient sim-to-real transfer of vision-based model-based RL
using distillation. Specifically, TWIST leverages state observa-
tions as readily accessible, privileged information commonly
garnered from a simulator to significantly accelerate sim-to-
real transfer. Specifically, a teacher world model is trained
efficiently on state information. At the same time, a matching
dataset is collected of domain-randomised image observations.
The teacher world model then supervises a student world model
that takes the domain-randomised image observations as input.
By distilling the learned latent dynamics model from the teacher
to the student model, TWIST achieves efficient and effective
sim-to-real transfer for vision-based model-based RL tasks.
Experiments in simulated and real robotics tasks demonstrate
that our approach outperforms naive domain randomisation
and model-free methods in terms of sample efficiency and task
performance of sim-to-real transfer.

I. INTRODUCTION

Deep reinforcement learning (RL) has been applied suc-
cessfully to challenging control problems such as dexterous
manipulation [1], locomotion [2], and Atari [3]. A particu-
larly promising approach is model-based RL, which learns
a world model of the environment, and utilises this model
for planning or policy optimisation. Compared to model-free
approaches, model-based RL holds the potential for broader
generalisation [4], improved sample efficiency [5], [6], and
faster adaptation to new tasks [7], [8]. However, while
model-based RL algorithms have been highly successful in
simulated environments [9], [10], their application to real-
world robots remains limited due to the need for unsafe or
costly data collection [11] to train a world model in the real
world.

Instead of training an RL agent directly in the real world,
sim-to-real transfer is a common approach: learning a policy
from easily accessible simulated data and deploying it in the
real environment. In real-world environments, we often do
not have access to accurate state information, and therefore
we wish to learn a policy that utilises images as inputs. To
overcome the gap between the simulator and the real world,
domain randomisation (DR) is often employed. DR exposes
the policy to a wide range of simulated environments during
training to improve generalisation to the real environment.

Applied Al Lab, Oxford Robotics Institute, University of Oxford
Correspondence to: jyamada@robots.ox.ac.uk
https://twist-sim2real.github.io/

However, a significant drawback of DR is that policy training
on randomised environments requires much more data [12].
Therefore, RL with DR can be extremely computationally
intensive and may require weeks of computation time for
training to converge [1].

The vast majority of existing work on sim-to-real trans-
fer is applied to model-free RL [13], [14], [12], [15]. In
this work, we address the uninvestigated area of sim-to-
real transfer for model-based RL trained from images. By
leveraging model-based RL algorithms, we benefit from the
improved sample efficiency of model-based approaches [5].
However, to address the sim-to-real gap, it is still necessary
to apply DR. Similar to applying DR to the model-free case,
naively applying DR to model-based approaches increases
the amount of data required to train a suitable world model,
and is therefore computationally very demanding [8].

To address this, we propose Teacher-Student World model
Distillation for Sim-to-Real Transfer (TWIST). TWIST lever-
ages privileged information in a simulator to achieve efficient
and robust sim-to-real transfer for model-based RL. In par-
ticular, TWIST utilises two world models, a feacher and a
student, to learn the environment. The input to the teacher is
state information that is only accessible within the simulator.
The teacher model is therefore unaffected by appearance
changes as introduced by DR and can learn to represent
the environment dynamics within a compact latent space
much more efficiently than a vision-based model. The teacher
model then supervises a student world model by encouraging
it to encode domain-randomised image observations to the
same latent representation as the teacher. We demonstrate
that TWIST provides efficient and effective sim-to-real trans-
fer for model-based RL, outperforming the standard DR-
based approach almost by an order of magnitude in terms of
success rate when applied to real-world manipulation tasks.

Our general approach of combining world model dis-
tillation with DR is applicable to any model-based RL
algorithm. In our implementation, we specifically use the
DreamerV2 model architecture [9] to learn the world models
and associated policies, and apply our approach to a set
of simulated and real robotics environments. We show that
our approach successfully achieves transfer to real-world
environments, and outperforms naive DR and model-free
approaches in terms of sample efficiency and performance.
Our work demonstrates empirically, that there is significant
potential for sim-to-real transfer of model-based RL, extend-
ing its applicability to a wide range of real-world robotics
applications.



II. RELATED WORKS

The key concepts that TWIST builds upon include model-
based RL, sim-to-real transfer, and distillation using privi-
leged information. We review the relevant literature of each
of these concepts in turn.

Model-based RL has emerged as a promising approach
to solving complex control problems by leveraging a learned
dynamics model [16], [17], [18]. To achieve the desired
behaviour, the dynamics model (or “world” model) can be
used for planning [5], [19], [10], [20], or policy optimi-
sation [16], [9], [21], [22]. To handle partially observable
environments [23] with high-dimensional observations such
as images, a common approach is to employ a recurrent
state-space model (RSSM) [24], [16], [17], which predicts
transitions in a compact latent space with a recurrent module.
Despite considerable success on simulated environments,
such as Atari [25] and DMControl [26], applications of
vision-based model-based RL to real-world robotics tasks
remain limited due to the need for a large number of
samples to train the world model [27], [28]. Existing works
on model-based RL from images for robotics [27], [28]
build upon a suite of Dreamer algorithms [29], [9], [21],
which achieves state-of-the-art performance on simulated
domains by optimising a policy using only synthetic data
generated by the model. DayDreamer [27] relies upon either
state information or discretised action-spaces to simplify
robotics tasks, and to facilitate learning a model from data
collected directly in the real world. Existing approaches to
transferring Dreamer from simulation to real robots either
require state information [30] or only demonstrate transfer
to near-identical real-world environments [28].

Sim-to-real transfer [31] trains a policy using simulated
data, and deploys the policy in the real world. Existing
approaches to sim-to-real transfer utilise techniques such as
domain randomisation (DR) [32], system identification [33],
and domain adaptation [34]. DR is a particularly simple,
yet effective approach to expose agents to a wide range of
instances of the same environment by randomising visual
and dynamics parameters. By training policies using DR,
agents become more robust to domain mismatches [32].
Previous work on sim-to-real transfer using DR has been
primarily applied to model-free RL methods [13], [35], [36]
or imitation learning [37].

Compared to sim-to-real transfer of model-free RL algo-
rithms, model-based sim-to-real methods remain relatively
unexplored. To our knowledge, [30] is the only work to
transfer a model-based method across the sim-to-real gap.
The authors accomplish this using a state-based Dreamer
model that requires privileged information in the real world.
Enabling sim-to-real transfer of Dreamer from image obser-
vations will help to unleash the potential of model-based RL
for real-world applications where state information is not
available.

Leveraging privileged information to accelerate the train-
ing of policies is a common approach. Specifically, [13], [35]
utilise information asymmetric actor-critic methods to train
the critic faster via access to the privileged information while
providing only images for the actor.

Another common technique to make use of the privilege

information is Distillation, which transfers knowledge about
a task from one or multiple teachers to a student. In RL,
knowledge transfer is generally achieved via policy distilla-
tion: training a student policy to imitate a teacher policy [38],
[14], [39], [40], [41]. Our work is most closely related in
spirit to [38], [14], [41] in that distillation and DR are used to
efficiently train a teacher policy from privileged information
and distil it into a student policy for sim-to-real transfer.
However, for distillation, the prior works focus on model-
free RL, which often requires additional trajectories collected
by either the teacher or student policy to match the action
distribution.

In contrast to these works, we consider model-based RL
conditioned on image observations and introduce a novel
method for world model distillation. Our approach achieves
knowledge transfer by supervising a student world model
instead of a policy without the need for additional data
collection during the distillation. We demonstrate that our
approach achieves strong performance for sim-to-real trans-
fer in both simulated and real environments.

III. PRELIMINARIES

In this section, we describe our problem setting and the
Dreamer model-based RL algorithm [29], [9], [21]. We
implement our approach using Dreamer as it is a com-
monly used state-of-the-art model-based RL algorithm that
demonstrates the capability of our world model distillation
approach.

A. Problem Formulation

The real environment is a partially observable
Markov Decision Process represented by the tuple
(8,0, A,P,Z,r,~,S), where: S is a set of continuous
states, O is a set of image observations, A is a set of
continuous actions, P : S x A x S — R is the transition
function, Z : O x & — R is the observation function,
r:SxA— Ris the reward function, « is the discount
factor, and S is the initial state distribution. The goal is to
maximise the expected discounted reward E [>°,° v'ry].

In our problem setting, we do not have access to the
real environment during training. Instead, we have access
to a simulator that approximates the real environment. In the
simulator, we have direct access to privileged information,
s € S, in addition to randomised image observations o € O.

B. Dreamer

Dreamer [9], [21] is a model-based RL method that learns
a world model from pixels or state observations and trains
an actor-critic agent by leveraging imagined trajectories from
the world model.
a) World Model: Dreamer uses a Recurrent State Space
Model (RSSM) [17] to learn the dynamics of environments,
consisting of the following modules:

fo (he—1,2t—1,ai-1)
2t~ q¢ (Zt \ thf)
2~ pg (e | he)
7”th¢( | he, 2t)
Ty Npab( t | huzt)

Sequence model:

Representation model:
RSSM Dynamics predictor:
Reward predictor:

Decoder:

6]



Stage I: Teacher World Model Training

oo 4 Qg Distillation
: : 1

Stage II: World Model Distillation

Stage llI: Deployment

a
t
Eq. (3), (4) 9
[reny)
Actor Critic Simulator Actor Critic
| & _r”rivilegl‘ed Teacher Student ‘3 ’
. information .
(hy2) wf P World Model World Model (hyz) b
End-effector position,...)
@ St ﬂ ‘, Real-world Env
s l Privileged At
—! _ information ]
-— s o 0y
[ — b -— g
Teacher Student
World Model S ity Replay Buffer World Model

Fig. 1: Overview of TWIST. While a teacher world model is trained from privileged information, domain-randomised image
observations are collected for distillation. The teacher supervises a student trained from the domain-randomised images to
imitate the compact latent states of the teacher. The student world model is then transferred to real-world environments.

All modules are implemented as neural networks param-
eterised by ¢. In the RSSM, the state is jointly represented
by a recurrent deterministic component, h;, and a stochastic
component represented by a categorical distribution. At each
step, the RSSM uses h; to compute two distributions over
the stochastic state: z; and 2. The stochastic posterior state z;
encodes information about the current input observation x;,
while the prior state Z; is a prediction of the posterior state
z; without access to the current input observation. Therefore,
by learning to predict Z;, the model learns to predict the
dynamics of the environment. Given the posterior state, the
decoder and reward predictor are trained to reconstruct the
current input observation x; and the reward r, respectively.
These models are jointly learned by minimising the negative
variational lower bound [42].

T
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Once the model has been trained, it can be rolled out

without access to any input observations by utilising the

prior 2 in place of the posterior z. This enables the model to

generate unlimited synthetic or imagined trajectories of the

form: {{h¢, 2, ar, 7 }i=L'}, where T is the time horizon for
imagination.

b) Actor-Critic Learning: To learn a policy, Dreamer
leverages an actor-critic algorithm that is trained using syn-
thetic data generated by the world model. Given a particular
RSSM state (hy, 2¢), the critic is trained to predict the total
expected reward. The actor (i.e. the policy) is trained to
output a distribution over actions, 7(a¢|hs, Z), that maximises
the total expected reward given the current state.

IV. TWIST: TEACHER-STUDENT WORLD MODEL
DISTILLATION FOR SIM-TO-REAL TRANSFER

Dreamer is capable of efficiently solving diverse vision-
based continuous control tasks in simulated environments by
explicitly learning a task-agnostic world model. To transfer
Dreamer to real-world robotics tasks, domain randomisation
(DR) is required to bridge the gap between simulation

and real-world environments. However, DR dramatically
increases the number of samples, and therefore computation
time, required for training. To address this issue, we propose
TWIST (Teacher-Student World Model Distillation for Sim-
to-Real Transfer) to efficiently train a world model for
vision-based tasks in simulation which readily transfers into
real-world environments. In this section, we describe our
approach to distilling the teacher to the student world model
(see Fig. 1).

A. Overview

A simulator affords access to state information in addi-
tion to domain-randomised images. TWIST leverages this
privileged information in order to accelerate the sim-to-real
transfer of model-based RL. Specifically, TWIST initially
trains a teacher world model and associated policy based
on state information. Because the teacher learns from state
information, an accurate world model and strong policy can
be trained from only a small number of samples.

However, in real-world environments, privileged infor-
mation is not usually available. To overcome this issue,
the teacher is distilled into a vision-based student world
model. While training the teacher from the state observations
st, privileged information easily accessible in simulation, a
matching dataset of domain-randomised image observations
o¢ is generated, denoted as D = {(s¢, 0t, at,7¢),...}. The
student is trained to imitate the RSSM latent states of
the teacher while operating on the corresponding domain-
randomised raw pixel inputs o; from the dataset D. Aligning
these representations enables effective knowledge transfer
and achieves sample-efficient sim-to-real transfer.

B. World Model Distillation

Given the teacher world model trained on state infor-
mation, the teacher supervises the student to imitate the
dynamics of the environment. Specifically, the student is
trained to imitate the prior distribution p(z{cacher|pteacher)
posterior distribution g(zfeacher|pteacher gy “and determinis-
tic representations h{°2h°r of the teacher for a trajectory T



of length L sampled from the dataset, D:
k+L
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where ¢ and 6 represent the parameters of the teacher and
student world model, respectively. Note that the parameter of
the teacher world model ¢ is frozen during the distillation.
In addition to distilling the two stochastic distributions and
deterministic representations, we further derive a training sig-
nal for distribution alignment by matching imagined rollouts
in both the teacher and the student models. (Algorithm 1).
Specifically, a set of initial latent states in each world model
is computed by embedding the trajectories 7 sampled from
the dataset D (see lines 6 and 7). Starting from the initial
states of the teacher, we then generate an imagined rollout
steacher _ {(élpeacher7 hgeacher’ a‘;eacher)}zifl with the time
horizon H using the policy 7 learned with the teacher model
(line 8). We also collect an imagined trajectory 75t“ent in
the student world model by replaying the same sequence
of actions {at®*her}f  ysed for trajectory imagination in
the teacher (line 10). Then, we align the prior distribution
p(2¢|ht) and deterministic representation h; in the trajecto-

ries generated by the teacher and student world model:

H
Elmagmed(Astudent Ateacher) _ Z |: ||hzeacher _ hftudent”g

i=1

|: |h‘;eacher _ hitudent ‘ |§ 1:

Algorithm 1 TWIST: Teacher-Student World Model Distil-
lation for Sim-To-Real Transfer

Inputs: Dataset D = {(s;, 0¢, at, t), -..
model Wieacher; Policy m(ay|hy, 2)
- Initialise: Student world model Wjtudent
while distilling world model do

7 ={(at, 0, st) t+kL ~ D

Compute Lygjstin via Eq. 3 using 7
Zteacher { teacher\ k+L — q¢(7_)
t=k
k+L
g, < qo(7)
Tteacher — IMAGINE(W;eaCher Zteacher)
Ateacher Y {a } 1, in %teacher
%
Astudent — IMAGINE(Wstudent Zstudent Ateacher)
il T s
Compute Limagined Via Eq. 4

12: 0 0—aVy (Edistill + ['imagincd)

}; Teacher world

Zstudent _ {Zstudent

LR AIN RN

—_
—_ 0

13: function IMAGINE(W, Z;,;;, A = None)

14: if A is None then > Imagination in JJ/teacher

15: 7 < rollout 7 for H steps from z € Zj,jy in W
16: else > Imagination in W student
17: 7 < rollout a € A from z€ Z in W

18:  return 7 > 7= {(%, hi,a;) L,

(see Eq. 4). All of the agents are trained on a single GeForce
RTX 3090 for 500K environment steps.

VI. EXPERIMENTS

The efficacy of TWIST for sim-to-real transfer is eval-
uvated through experiments in both simulated and real-
world environments. The experiments aim to answer the
following questions: (1) does TWIST enable efficient sim-
to-real transfer for model-based RL using DR? and (2) does

Deterministic representation distillation the - djstillation for imagined trajectories improve the task

+ KL [p9 (éstudent |h$tudent)| ‘p¢) (2peacher | ht_eacher)] :|

Distillation in Imagination

where (hteacher Z’feacher) and (hitudellt7zftudent) are the 7(;‘2
entries in 7te2cher and 7student regpectively. To ensure diver-
sity in the imagined trajectories, random noise is added to
the action a; sampled from the policy 7(a;|heacher, zteacher)
when rolling it out in the teacher world model. This boot-
straps the trajectories in the dataset D; thus, the student can
imitate the prior distribution and deterministic representation
of the teacher more accurately. The loss function for world
model distillation is therefore £ = Laisin + Limagined- Our
experimental results demonstrate that, after distillation, an
actor trained in the teacher world model successfully trans-
fers to real-world environments as the student world model
is trained to imitate the RSSM latent states of the teacher.

V. IMPLEMENTATION DETAILS

Our encoder and decoder of the teacher world model
consists of three fully connected hidden layers with 512 units
and ELU activation. We use the same architecture for the
encoder, decoder, and actor-critic agent of vision-based world
models as those used in [9]. For distillation, a trajectory of
length L = 50 is sampled from the dataset D (see Eq. 3)
and an imagined trajectory of length H = 15 is generated

performance compared to performing distillation only on the
original dataset?

A. Baselines

We compare TWIST against several competitive baselines,
including Dreamer agents with different training methods
and model-free RL. Oracle is a Dreamer agent trained from
privileged information. The performance of the oracle agent
is an upper bound on the performance of our method.
Since we do not have access to state information in real-
world settings, we only provide the performance of the
oracle approach in the experiments conducted in simulation
environments. Dreamer w/ DR is a vision-based Dreamer
agent trained with naive DR. Dreamer w/o DR is an agent
trained without DR. Dreamer State Recon. is a vision-
based Dreamer agent trained to reconstruct state information
from domain-randomised image observations, which is an
alternative way of leveraging privileged information. Lastly,
Asymmetric SAC [13] is a sample-efficient state-of-the-art
model-free RL algorithm suitable for DR. While the critic
network is trained from privileged information, the policy is
trained from domain-randomised image observations.

B. Simulated Results

Firstly, we empirically demonstrate the efficacy of TWIST
on a set of continuous control tasks in the Distracting Control



Tasks (500K Steps) Oracle Dreamer TWIST Dreamer w/o DR Dreamer w/ DR Dreamer State Recon.  Asymmetric SAC
Cup Catch 936.6 £0.1 856.6 = 29.6 150.7 £ 80.3 744.3 £ 93.8 627.0 £ 194.7 873.0£11.1
Cartpole, Balance 9929+ 1.7 954.5 £ 37.4 349.3 £19.0 590.8 £23.0 869.7 £ 40.4 353.1£18.6
Cheetah Run 597.1£24.3 506.0 £ 54.2 206.5 £ 40.3 476.4 £61.1 391.6 £4.5 222.5+20.4
Hopper Stand 501.1 + 38.9 483.3 £ 118.9 42.1+11.2 471.8 £484 358.2 £ 34.4 57.7 1+ 86.8
Walker Walk 800.4 £ 53.7 665.8 £+ 80.3 182.7+ 3.4 394.6 £25.1 491.0 £ 145.6 439.4 £57.0
Finger, Easy Turn 904.4 + 32.8 798.0 &+ 50.3 182.5 + 26.0 440.7 £ 35.7 553.4 £42.2 304.4 £ 22.5

TABLE I: Averaged episodic rewards and standard deviation obtained from 100 trials with 3 seeds in the Distracting Control
Suite. The evaluation is conducted using held-out environments.
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Normalised score

Fig. 2: Aggregated Interquartile Mean (IQM) of normalised
episodic rewards with 95% bootstrap CI based on 5 tasks
from 100 trials with 3 seeds evaluated using held-out envi-
ronments in Distracting Control. The lack of overlap with
the CIs between TWIST and the baseline methods indicates
that the difference is statistically significant.

Suite [43], an extended version of the DMControl [26].

1) Experiment Setup: First, a teacher world model and
a policy are trained using Dreamer from ground-truth state
information. During training, domain-randomised images are
collected by randomizing the background texture used in
prior work [44] and the colour of objects every timestep for
diverse data acquisition. After training the teacher, we use
the domain-randomised image observations to distil the state-
based teacher world model into a vision-based student world
model. For evaluation, we sample the object colours from
the same distribution as training, but the background texture
is sampled from a held-out test distribution. Therefore, the
distribution of environments for evaluation is different to the
training time environments. Note that DR is applied only at
the beginning of the episode for the evaluation because the
textures are usually consistent at test time.

2) Results: Table I reports the average episodic rewards
for six continuous control tasks evaluated on hold-out scenes
from the Distracting Control Suite. TWIST outperforms the
baseline approaches, including model-free RL, often by sig-
nificant margins. While Asymmetric SAC shows comparable
performance on the simple Cup Catch task, it does not
perform well on more complex tasks because the policy
struggles to learn task-relevant information efficiently from
domain-randomised images due to its visual complexity.
Dreamer State Recon. and Dreamer w/ DR demonstrate
better performance among the baselines. However, learning
task-relevant information and the actor-critic agent jointly
on limited samples is often challenging, resulting in worse
performance compared to our approach. Dreamer w/o DR
does not perform well in any of the six tasks due to the lack
of generalisation to unseen scenes.

To assess the statistical significance of our results, Fig. 2
reports Interquartile Mean (IQM) of normalised episodic
rewards with 95% bootstrap confidence interval (CI) ag-
gregated across 5 tasks in Distracting Control, computed

ML

a) Block Push

o | :
F‘ﬁ B [§

b) Block Lift

Sim Real

Fig. 3: Sim-to-real manipulation tasks. (a) Block Push: A
Franka Panda arm pushes the yellow block towards the red
goal marker. (b) Block Lift: The arm grasps the yellow block
and lifts it 10cm above the table

using [45]. The episodic rewards of each task are normalised
by the performance of Oracle Dreamer to aggregate the
results and validate the efficacy of our method. As shown in
Fig. 2, our method is substantially more performant than the
baselines. The lack of overlap with the CIs of the baseline
method further indicates that this difference is statistically
significant.

C. Sim-to-Real Transfer for Manipulation Tasks

In this section, we consider sim-to-real transfer for ma-
nipulation tasks to verify the effectiveness of TWIST in the
real world.

1) Experimental setup: In our experiments, a Franka
Panda robot is used. In real-world experiments, RGB image
observations are taken from a RealSense D435i camera.
In the simulation, agents are trained in Omniverse Isaac
Orbit [46] powered by Omniverse Isaac Sim [47]. DR is
applied to the brightness of the light and texture of the robot
body, background, table, and objects every timestep to collect
diverse image observations. Further, the friction of objects is
randomised in every episode. The action space of the policy
is a delta-position of the end-effector in Cartesian coordinates
with a maximum delta of 2cm.

2) Tasks: We conduct experiments to showcase the suc-
cessful sim-to-real transfer capability of TWIST, focusing on
the block push and block lift tasks (see Fig. 3). The objective
of the block push task is to push a 4cm X 4cm cube towards
a designated red goal marker. If the distance between the
centre of the cube and the goal marker is less than Hcm at
the end of the episode, then the trial is considered successful.
The cube and goal marker positions are uniformly sampled.
For the block push task, we replace the robot’s hand with a



Fig. 4: Example rollouts of the proposed method on the real-world Block Push task. Our method successfully transfers the
student world model and solves the block push task in the real world.

s TWIST (Ours)
Dreamer State Recon.

W Dreamer w/ DR
W Dreamer w/ DR (1M)

Dreamer w/o DR

Asymmetric SAC

100

80

60

40

Success rate (%)

20

|
Push Lift
Fig. 5: Success rate on real-world tasks. The success rate
and standard deviation are calculated from 20 trials with 3
seeds. TWIST significantly outperform baselines including
naive Dreamer with DR and model-free RL.

0

3D-printed peg to push the block because the original robot’s
hand often occludes the block from the third-person camera.

The goal of the block lift task is to grasp the cube and
lift it 10cm above the tabletop by the end of the episode. To
train agents in simulation, we define a dense reward function
tailored to each task. Privileged information available in these
tasks includes end-effector position, object pose, and L2
distance between the object and goal position. Additionally,
in the block lift task, a grasp state is used to determine
whether the object is grasped or not. The episode length of
these tasks is 150 timesteps. In real-world experiments, we
randomise the camera position and brightness of the scene
randomly to ensure robustness of the distilled agents.

3) Results: The success rate for each task across 20 trials
averaged over 3 seeds is reported in Fig. 5. Compared to the
baselines, including naive Dreamer with DR and model-free
RL, TWIST demonstrates significantly better success rates in
both block push and lift tasks. In particular, the block push
task requires an accurate dynamics model to successfully
push the box towards the goal marker, indicating that our
world model is successfully distilled and transferred from
simulation to real-world environments. The baseline methods
often fail to solve the task, because those methods require
more samples to successfully train agents in simulation with
DR [8]. Dreamer State Recon. shows a better success rate
than other baselines. However, it still struggles to learn
task-relevant information in image observations effectively
while exploring environments for solving manipulation tasks.
Although naive Dreamer agent with DR is also trained from
1M samples (Dreamer w/ DR (1M)), its success rate on the
block push and block lift tasks remains low, indicating the

sample inefficiency of the naive DR approach.

IQM( ~»)
TWIST (Ours) ===
w/o random noise 1
w/o imagined distillation ——

0.80 0.85 0.90 0.95
Normalised score

Fig. 6: Interquartile Mean (IQM) of normalised episodic
rewards with 95% bootstrap CI to ablate the key components
of the proposed distillation method in the Distracting Control
Suite. The following variants are compared: (1) the full
proposed method, (2) without random noise to actions for
imagined distillation, (3) without imagined distillation.

D. Ablation Study

We ablate the distillation for imagined trajectories (imag-
ined distillation) (see Eq. 4) and random noise added to
actions for the imagined distillation in the Distracting Control
Suite. We report normalised aggregated Interquartile Mean
(IQM) with a 95% bootstrap confidence interval. As shown in
Fig. 6, the CI for our method and our method w/o imagined
distillation do not overlap, indicating that the difference in
performance is statistically significant. On the other hand, the
gap between our method and our method w/o random noise
is smaller but still notable in practice. These results high-
light that distillation using imagined rollouts is particularly
important for successful world model distillation.

VII. CONCLUSION

We propose TWIST for efficient sim-to-real transfer of
model-based RL. Specifically, a teacher world model trained
from privileged information supervises a student world
model taking as input domain-randomised image observa-
tions to mimic the compact latent states of the teacher.
Our experiments demonstrate successful distillation from the
teacher world model to the student world model with domain
randomisation in simulated environements and further show
the efficient and robust sim-to-real transfer for robot manip-
ulation tasks into real-world domains.

TWIST is therefore a significant step towards unlocking the
benefits of model-based RL for real-world applications. In
future work we will look to explore fine-tuning the distilled
world model from few real-world image observations to
efficiently acquire new skills in the real world.
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7.1 Limitations and Future Work

TWIST demonstrates the efficacy of sim-to-real transfer in model-based RL by
performing teacher-student distillation in imagined trajectories. While TWIST
optimises a policy on the world model to solve manipulation tasks, it can also be
applied for planning, similar to TDMPC [15], given a suitable cost function for real-
world deployment. For example, the cost function is defined as the cosine distance
between the current and goal latent representations extracted from goal observations.

Although TWIST is built on Dreamer |13, [14], it can also be applied to
other model-based RL methods. In particular, TDMPC [127, 196] has shown
strong performance in high-dimensional control problems, including challenging
manipulation tasks. Since distillation in imagined trajectories is compatible with any
model-based RL method capable of predicting future trajectories and learning latent
representations, integrating this approach into TDMPC is a promising direction.

While TWIST is primarily evaluated under controlled visual conditions, real-
world industrial environments introduce additional perceptual challenges. Factors
such as strong illumination, specular reflections, and glare from highly reflective
metal surfaces can significantly degrade observation quality, which may in turn
adversely affect sim-to-real transfer due to the domain gap. Although domain
randomisation partially accounts for visual variability, it may not sufficiently capture
these complex photometric effects.

Future work could therefore explore more targeted strategies, for example,
incorporating real-to-sim transfer to better bridge the gap between simulation
and real-world environments. Additionally, fine-tuning the world model, orig-
inally trained on domain-randomised simulation data, using limited real-world
interactions, presents a promising approach for further improving model accuracy.
Another potential direction includes integrating the learnt world model with MPC
augmented by a value function to solve contact-rich non-prehensile manipulation
tasks more safely, particularly in cluttered environments, inspired by Grasp-MPC

introduced in Chapter



D-Cubed: Latent Diffusion Trajectory
Optimisation for Dexterous Deformable
Manipulation

Chapters [6] and [7] focus on learning dynamics models using generative models to
facilitate effective planning and policy optimisation within the learnt dynamics model.
In contrast, this chapter employs generative models to learn an action sampler
that facilitates more effective exploration, thereby improving the performance of
model-based planning in contact-rich manipulation tasks. Rather than learning
a dynamics model, this chapter assumes access to a simulated environment for
planning. Nevertheless, it can be effectively integrated with a learnt dynamics
model, particularly the model presented in Chapter [7]

The ability to manipulate deformable objects is a crucial skill in robotics,
extending far beyond common household tasks to include industrial applications
such as handling rubber materials in the assembly process. While parallel grippers
have been widely used in robotics, they often lack the dexterity and adaptability
required to effectively manipulate deformable objects, limiting their applicability
in complex manipulation tasks.

On the other hand, dexterous robot hands offer the flexibility and versatility
necessary for manipulating a wide range of deformable materials. However, control-

ling such dexterous robot hands presents significant challenges due to their high
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degrees of freedom. Trajectory optimisation methods such as MPPI have shown
promising results for rigid object dexterous manipulation tasks [85]. However, they
often struggle with deformable object manipulation, where the high DoF of the
robot hand, the large number of contacts, and the sparse task information in the
cost function make effective exploration particularly difficult.

To address these challenges, this chapter introduces D-Cubed, a novel learning-
based trajectory optimisation approach that uses a latent diffusion model (LDM)
trained on a task-agnostic play dataset of a robot hand as an action sampler,
facilitating efficient exploration for trajectory optimisation to solve dexterous
deformable manipulation tasks (see Chapter [§ Fig. 1 for an overview). The task-
agnostic play dataset, collected within approximately 20 minutes by tracking a
human hand and retargeting these motions to a robot hand (see Chapter [8} Fig. 3),
encompasses a diverse range of representative hand movements, including closing
and opening the hand, as well as moving individual fingers, and does not include any
interaction with deformable objects. D-Cubed learns a skill-latent space that encodes
short-horizon action sequences from the play dataset using a VAE (see Chapter ,
Fig. 2 (1)). An LDM is then trained to compose these skill-latent representations
into a skill trajectory that corresponds to the long-horizon motion of the robot hand
sampled from the task-agnostic play dataset (see Chapter [§] Fig. 2 (2)). The LDM,
which can generate diverse trajectories of meaningful robot hand motions, is used as
an action sampler that can effectively search the large solution space for trajectory
optimisation. To optimise trajectories for a given task, D-Cubed introduces gradient-
free guided sampling that leverages a variant of the Cross-Entropy Method (CEM)
integrated within the reverse diffusion process (see Chapter , Fig. 2 (3)). Initially,
random noise samples drawn from a normal distribution are fed to the LDM,
generating several candidate action trajectories. These trajectories are evaluated
using the provided dynamics model, which computes costs based on the discrepancy
between the achieved and desired deformable object shapes for each task. The
trajectory with the lowest cost (i.e., best-performing trajectory) is then selected

and refined through additional denoising steps within the reverse diffusion process,
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while those with higher costs are discarded. This procedure is repeated until the
reverse diffusion process is completed, progressively improving the action sequence
through iterative refinement. This approach allows the LDM to efficiently explore
the large solution space while iteratively refining action sequences to achieve the
target object shape by minimising the predefined task-specific cost function.
Through empirical evaluation on DexDeform [89], a publicly available benchmark
of dexterous deformable object manipulation tasks, D-Cubed achieves substantially
higher performance than sampling-based and gradient-based trajectory optimisation
methods, as well as competitive baselines such as PPO [31] (see Chapter |8 Tab. 1).
D-Cubed further demonstrates that a sequence of actions optimised in simulation
is successfully transferred to a real-world deformable manipulation task.
D-Cubed improves trajectory optimisation with a generative model, enabling
versatile and efficient skill acquisition for complex contact-rich manipulation tasks
using a readily collected, task-agnostic play dataset without relying on sample-
inefficient policy learning or costly expert demonstrations. In summary, this chapter

presents the following contributions:

1. D-Clubed, a trajectory optimisation framework using LDMs as an action

sampler to tackle dexterous deformable object manipulation tasks.

2. A gradient-free guided sampling method that incorporates CEM into the

reverse diffusion process to enable effective trajectory optimisation.

3. Significant performance improvements over competitive baselines, including
state-of-the-art RL methods as well as gradient-based and sampling-based

trajectory optimisation approaches.

Jun Yamada, Shaohong Zhong, Jack Collins, Ingmar Posner, (2025). D-Cubed:

Latent Diffusion Trajectory Optimisation for Dexterous Deformable Manipulation,

Conference on Robot Learning (CoRL)
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Abstract: Mastering deformable object manipulation often necessitates the use
of anthropomorphic, high-degree-of-freedom robot hands capable of precise,
contact-rich control. However, current trajectory optimisation methods often
struggle in these settings due to the large search space and the sparse task in-
formation available from shape-matching cost functions, particularly when con-
tact is absent. In this work, we propose D-Cubed, a novel trajectory optimisation
method using a latent diffusion model (LDM) trained from a task-agnostic play
dataset to solve dexterous deformable object manipulation tasks. D-Cubed learns
a skill-latent space that encodes short-horizon actions from a play dataset using
a VAE and trains a LDM to compose the skill latents into a skill trajectory, rep-
resenting a long-horizon action trajectory. To optimise a trajectory for a target
task, we introduce a novel gradient-free guided sampling method that employs
the Cross-Entropy method within the reverse diffusion process. In particular, D-
Cubed samples a small number of noisy skill trajectories using the LDM for ex-
ploration and evaluates the trajectories in simulation. Then D-Cubed selects the
trajectory with the lowest cost for the subsequent reverse process. This effectively
explores promising solution areas and optimises the sampled trajectories towards
a target task throughout the reverse diffusion process. Through empirical evalua-
tion on a published benchmark of dexterous deformable object manipulation tasks,
we demonstrate that D-Cubed outperforms traditional trajectory optimisation and
competitive baseline approaches by a significant margin.

Keywords: Trajectory Optimisation, Dexterous Deformable Object Manipula-
tion, Latent Diffusion Model, Gradient-Free Guidance

1 Introduction

The realm of dexterous robot hand manipulation has made remarkable progress in recent years,
in part due to advances in learning-based methods [1, 2, 3]. However, past research has focused
predominantly on tasks that involve rigid objects [4, 5, 6, 7]. On the other hand, real-world manipu-
lation tasks often present scenarios in which robots need to manipulate deformable objects, such as
folding a piece of clothing [8], manipulating soft tissues [9] or shaping dough [10, 11].

One common approach to generating actions for a dexterous robot hand is trajectory optimisation,
which optimises an action sequence by minimising a task-informed cost function. However, the
application of trajectory optimisation is predominantly limited to rigid object manipulation [7] or
relatively simple deformable object manipulation tasks with short horizons [12]. The primary chal-
lenges of optimising a trajectory for complex tasks such as those seen in dexterous deformable object
manipulation stem from 1) the large search space due to the complexity of the task including the in-
finite dimensionality of deformable objects and high degrees of freedom (DoF) of the robot hand;
2) the large number of contacts associated with handling the objects; and 3) the limited task infor-
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mation that the cost function typically provides [13]. Commonly, the cost function to be optimised
is defined as the distance between a target shape and the final shape of a deformable object after
manipulation [14]. In this scenario, no task-relevant signal is available when no contact is made
between the robot and the manipulated object, inhibiting the optimisation of a feasible trajectory.

In this work, we propose D-Cubed, Latent —"

Diffusion for Trajectory Optimisation in Dexterous Teskognastc T g g
Deformable Manipulation (see Fig 1). D-Cubed is n ﬂ

a novel trajectory optimisation approach that lever-

ages a latent diffusion model (LDM)[15] trained on D-Cubed 7 Q g g
a task-agnostic play dataset collected using a hu- 4 .

man hand. This dataset captures diverse represen- Task gosls ‘3 (’.% : M&
tative robot hand motions, such as closing and open- ! : . ¢ % i)
ing the hand and moving individual fingers with- Env _M%‘"‘

out object interaction, enabling reuse across a wide Figure 1: D-Cubed leverages a LDM trained
range of tasks. First, D-Cubed learns a skill-latent ¢ = task-agnostic play dataset to generate

space that encodes short-horizon action sequences 4ction trajectories for long-horizon dexterous
from the play dataset using a variational autoencoder  deformable object manipulation tasks.
(VAE). An LDM is then trained to compose these

skill-latent representations into a skill trajectory, replicating motions of the robot hand found in the
dataset. By leveraging the task-agnostic play dataset, the LDM, capable of generating diverse trajec-
tories of meaningful robot hand motions, is applicable across diverse manipulation tasks (see Fig. 1).
To find a performant action trajectory for a target task defined by a target object shape, given a shape-
matching cost, we propose a novel gradient-free guided sampling method that employs a variation
of the Cross-Entropy Method (CEM) [16, 17] within the reverse diffusion process. For each denois-
ing step, the LDM generates a small number of noisy skill-latent trajectories to explore the solution
space. Since the skill latent space is trained to represent smooth low-level action sequences, each
skill in these noisy skill trajectories produces meaningful and consistent action trajectories that fa-
cilitate efficient exploration. These skill-latent trajectories are evaluated in a simulator using the
shape-matching cost function, and the trajectory with the lowest task cost among the sampled tra-
jectories is selected for further denoising in the reverse diffusion process. With each denoising step
guided by the CEM, the noise in the chosen performant trajectory is gradually removed, refining it
towards solutions with lower costs.

In summary, our contributions are three-fold: (1) we propose D-Cubed, a trajectory optimisation
method using an LDM to solve challenging long-horizon dexterous manipulation tasks; (2) we in-
troduce a novel gradient-free guided sampling method that employs the CEM within the reverse
diffusion process to optimise a trajectory for a target task; and (3) we empirically demonstrate that
D-Cubed significantly outperforms competitive baselines, including traditional trajectory optimisa-
tion methods such as gradient-based and sampling-based approaches.

2 Related Works

Several prior works note the importance of deformable object manipulation and introduce bench-
mark tasks for evaluating competing methodologies [12, 18, 19, 20, 14]. While most benchmarks
focus on deformable object manipulation tasks with point-mass agents or parallel grippers that are
incapable of dexterous manipulation, [14] proposes a suite of deformable object manipulation tasks
with dexterous robot hands [21] built upon a differentiable physics engine.

Trajectory optimisation, including gradient-based and sampling-based, is a common approach to
solving dexterous robot hand manipulation tasks by assuming access to an accurate dynamics model
or simplified object geometries (e.g. [4, 5, 6, 7]). Gradient-based approaches directly optimise a task-
informed cost function through a learned dynamics model [3, 22, 23] or differentiable simulator [12,
14, 24, 25] to find a performant action sequence. However, their application is limited to relatively
simple, short horizon tasks [12] due to convergence to locally optimal solutions caused by a lack of



global task information, exacerbated by nonlinear contacts [14, 26]. Sampling-based methods such
as CEM [16, 17] and MPPI [27] offer a simple approach by sampling actions for exploration, with
MPPI applied to rigid object manipulation [7]. However, such sampling-based methods tend to be
computationally expensive for large solution spaces, requiring many trajectory samples. Although
previous work trains policies from expert demonstrations [28] or combine expert demonstrations
with trajectory optimisation [14] to alleviate such issues, collecting expert demonstrations for each
new task is considered expensive. Instead, in this work, a single task-agnostic play dataset containing
representative hand movements is collected to form a structured skill-latent space that is used across
a diverse range of tasks.

Diffusion models, a class of generative models, formulate data generation as an iterative denoising
process [29, 15, 30]. Classifier guidance [31] is a common technique for using gradients to guide
the sampling process of unconditional diffusion models to generate a desired sample, including a
trajectory for a target task [32, 33, 34, 35]. However, classifier guidance struggles to guide sampling
when gradients are inaccurate [36], such as when gradients are obtained from differentiable physics
simulators [13]. In contrast, this work proposes gradient-free guidance that employs a variation of
CEM to the reverse diffusion process for trajectory optimisation.

3 Preliminaries

Denoising Diffusion Probabilistic Models (DDPMs) DDPMs [15, 37] are a class of generative
models that are trained by denoising a sequence of noise-corrupted inputs. For each training datum
X0 ~ Gdata(X), the forward diffusion process constructs a Markov chain xg, X1, ..., Xy such that
q(xi|xi—1) = N(x:;v/1 — Bixi_1, 3;I) where 3; denotes a positive noise scale and subscript index
1 refers to the time step of the diffusion process. Then, the reverse process, which aims to remove
noise from the noisy sample x;, is defined as pg(xo.n) = p(xn )Y, po(xi_1]x;), where p(xx) =
N(0,1). The conditional distribution pg(x;_1|x;) is commonly modelled as a Gaussian distribution
with mean pg(x;, ) and covariance ¥y (x;,%):

Vi 1—ay— > — o —
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where o; := 1 — f; and @ := 1T}, ;.

Instead of predicting the noise, €; [15], added to the data, we train a diffusion model Gy(z;, ) to
directly predict the clean datapoint, xg, to simplify the objective [38]:

Laitrusion = Excgmq(xo),in(1,N] [|[X0 — G(x4,7)]]3]. 2)

Cross-Entropy Method (CEM) The CEM finds solutions to complex problems by iteratively
refining a probability distribution, often modelled by a Gaussian distribution, to focus on promising
solution areas. The CEM samples a population of solutions from a given distribution, evaluates them
using a predefined cost function, and selects the top performing solutions to update the distribution.

4 Latent Diffusion Trajectory Optimisation

Given a representative dynamics model (e.g. a simulator), D-Cubed aims to find an action tra-
jectory {a,al, ... a’}, over time horizon T, that enables a dexterous robot hand to manipulate
deformable objects to match a pre-defined goal shape. D-Cubed consists of three components: (1)
a variational autoencoder (VAE) that learns a skill-latent, z € Z, by encoding short-horizon action
trajectories; (2) a latent diffusion model (LDM) that generates sequences of skill-latents that repre-
sent entire trajectories for exploration in the state space; and (3) trajectory optimisation using CEM
within the reverse diffusion process for a target task. D-Cubed relies on a task-agnostic play dataset
of action trajectories that cover a wide range of meaningful robot hand motions to learn a skill-latent
space. This section describes the data collection process in Section 4.1, the LDM in Section 4.2, and
the sampling method in Section 4.3. An overview of the method can be seen in Fig. 2.
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Figure 2: D-Cubed overview. (1) A VAE learns a skill latent representation z by reconstructing a
short-horizon action sequence a***# randomly sampled from the task-agnostic play dataset. (2) A
LDM learns to compose skills into a skill trajectory, representing a long-horizon action trajectory
sampled from the dataset. (3) During trajectory optimisation, the LDM generates B skill trajectories

{z%’TS’”’” }'B |, where Ty = % is the length of skill trajectories. These trajectories are evaluated
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in a simulator, and the best sequence z;_ ;

reverse process.

4.1 Data Collection

Collecting expert demonstrations for every new task is ex-
pensive due to the difficulty in manipulating deformable
objects through teleoperation systems [14, 28]. To allevi-
ate this issue, a single task-agnostic play dataset of robot
hand trajectories Dy, is collected per robot platform,
without requiring interaction with deformable objects, al-
lowing a human operator to readily collect the dataset
without any training and enabling reuse across diverse
tasks. This play dataset is designed to span the space

that minimises the cost is selected for the subsequent

—

Retargeting joints

Figure 3: Data collection pipeline. Hu-
man hand joints are retargeted to robot
hand joints to collect task-agnostic a

play dataset designed to span the space
of meaningful hand motions that form a
skill latent space learnt by a VAE.

of meaningful hand motions that can be performed by
the given hardware and thus forming a skill latent space
learnt by a VAE. This includes motions such as closing
and opening the hand, moving individual fingers, as well as moving and flexing the wrist throughout
the robot’s workspace. The dataset is collected within 20 minutes by tracking the motion of a human
hand and retargeting the human hand pose to a robot hand (see Fig. 3), similar to prior work [39].
This forms a dataset, denoted as D,,4,, comprising sequences of robot actions a;, where each action
represents a relative change in the joint angles. For further details, see Appendix B.

4.2 Latent Diffusion Model as Skill Sampler

Long-horizon dexterous deformable manipulation tasks induce a large solution space due to the task
complexity caused by the numerous contacts with deformable objects and the high DoF of a robot
hand. As such, sampling low-level actions to find performant solutions is often infeasible because
the sampled action trajectory is unlikely to correspond with meaningful robot hand motions that
effectively explore the solution space. Instead, D-Cubed learns a skill latent space [40] that encodes
a short-horizon action trajectory from the play dataset, which plays a significant role in efficiently
exploring the search space of tasks. Specifically, a VAE, consisting of an encoder ¢y, (z|a¥**+) and
adecoder p(a”**#|z), is trained to reconstruct short-horizon action trajectories a***# randomly

sampled from the play dataset Dy, to learn the skill z € Z, by optimising the ELBO objective:
EELBO = IE“Izwqd, (z|at:t+H) logp(é)ec(at:“_H | Z) - DKL [qw (Z | at:H—H)”p(Z)]

where p(z) is a Gaussian prior over the latent representation and H is the length of the short-horizon
action sequence (H = 10). See Appendix C.1 for further details on the hyperparameters of the VAE.



Since the skill latent representation only encodes short-horizon actions of the robot hand, composing
multiple skill latent representations into a long-horizon action trajectory is necessary for efficient
exploration (e.g. to make meaningful contacts with an object). To achieve this, an LDM is trained
to compose a sequence of skill-latent representations zlTakitt where Tapiy = % is the length of the
skill trajectory, which reconstruct robot hand trajectories from the play dataset. The LDM is trained
to optimise the following objective:

1:Tskin 1:Tskq .
it ([0 = Gz T i) [3] (3)

where NV is the number of diffusion steps, z(l]:Ts’“'” is a clean skill-latent trajectory, and z}:TS’“‘” is

a noisy skill-latet trajectory after ¢ forward diffusion steps. An LDM is chosen as it is a generative
model proven to be capable of representing a complex multimodal distribution, like that of the play
dataset [41]. In this work, we employ a transformer model as the backbone of the noise prediction
model Gy (-, %) (see Appendix C.2 for further details).

ACLDM = EzliTskm ~D,

By leveraging a task-agnostic play dataset that captures meaningful hand motions, the trained LDM
can generate sequences of robot hand actions that effectively explore the action space and are
reusable across a diverse range of tasks. As a result, the LDM needs to be trained only once from
the single play dataset and can be applied to all tasks without retraining.

4.3 Trajectory Optimisation using Gradient-Free Guided Sampling

Traditional trajectory optimisation often struggles to solve dexterous deformable object manipula-
tion tasks due to the large search space. This is further amplified by the limited global task informa-
tion available from a cost function. Using the capability of the LDM with skill-latent space, the LDM
generates diverse skill trajectories that represent long-horizon action trajectories of meaningful robot
hand motions, leading to effective exploration of the state space. However, to solve a target task,
guidance is required to direct the diffusion sampling process to converge towards high-performing
trajectories. While classifier guidance is a common technique for guiding the reverse process us-
ing gradients, inaccurate [36] or noisy gradients such as those obtained from differentiable physics
simulators [13] are unable to successfully guide the reverse diffusion process (see Section 5.3 for
experimental results). To avoid such issues, we propose gradient-free guided sampling that employs
the CEM [42] within the reverse diffusion process to optimise a trajectory for a target task. The
reverse process can be viewed as analogous to the CEM optimisation steps, as D-Cubed evaluates
generated action trajectories in a simulator and updates the parameters of a Gaussian distribution
based on the trajectory with the lowest cost for each diffusion step (see Fig. 2 and Algorithm 1).

In particular, for each reverse step, a small number of noisy skill trajectories z'7s*: are sampled

from a Gaussian distribution with a mean p; predicted by the LDM (Line 3, 9), where Tk = %
represents the horizon length of the skill-latent representations. Crucially, during the early stages of
the reverse process, D-Cubed focuses on exploring the search space. This is because the variance Yg
of the Gaussian distribution, determined by the noise scheduler (see Equation 1), is large, thereby
generating diverse trajectories. During later steps of the reverse process, D-Cubed attempts to refine
the trajectories for a target task as a result of the small variance of the scheduled distribution. The
generated skill trajectories are decoded using the VAE into low-level action trajectories that are
then evaluated in the simulator to obtain their respective scores (Line 5). While the generated skill
sequences are noisy regarding their composition at early reverse diffusion steps, each short-horizon
action sequence decoded from the skill latent representations remains smooth, which effectively
promotes meaningful trajectories from the search space for efficient exploration.

Similar to how the CEM updates a Gaussian distribution based on the top-performing samples for
each optimisation step (see Section 3), D-Cubed also updates a Gaussian distribution to search for
more promising solution areas by predicting the mean p; using the LDM given the trajectory with

the lowest cost zll,:e:g;;‘ ki as input (see Equation 4 and Line 6):
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Algorithm 1 D-Cubed Trajectory Optimisation

1: Require: denoising model, Gg; target state of deformable objects, Sirget, Tskitr = %

2: Initialise: Cpest = 00, fhpest = None

3 {zl,,... ,z%’”’"’”}‘B‘ ~ N(0,I) > Sample B initial sequences of skill latent representations
4. fortr=N,N—-1,...,1do

5:

zzl);fz’“” — FINDBESTLATENTS({ZILTS}‘B|) > Choose the best sequence of skill latents

(Appendix E)
i po(zg ler > Predict a mean of a Gaussian distribution (see Eq. 4)
cost = evaluate(gd°*(a’T|u;)) > Evaluate the predicted mean
if cost < Cpeg then prpeq <— pi, Cpesy < cost
{z} ,,... ,ziTj"i”” HBL~ N (tpest, o2 ,I) > Sample a batch B of sequences of skill latents

Y 2D

10: return piec(al’T\ubest)

Although CEM normally requires several top-performing samples to compute the mean and variance
of the Gaussian distribution, D-Cubed needs only a single top-performing sample because the mean
at the next diffusion step is determined by the prediction from the LDM (see Line 6). Furthermore,
in D-Cubed, the variance is updated based on a noise schedule (see Equation 1) for each reverse
step. Intuitively, by choosing the lowest-cost trajectory for each diffusion step, the LDM removes
noise from performant noisy trajectories for the subsequent reverse process. This leads to further
refinement of the trajectory and minimisation of the cost function by exploring more promising
solution areas.

Lastly, the mean p; of the Gaussian distribution predicted by the LDM does not necessarily compose
a better distribution for the following reverse steps because the LDM may make a poor prediction,
leading to trajectory samples that have a higher cost. To address this issue, inspired by a variant of
CEM [43, 44], the mean of the distribution is updated only when the current predicted mean p; has
a lower cost than the previous best mean fipes; (see Line 8). This optimisation method, when paired
with a LDM is empirically shown in Section 5.3 to generate performant trajectories.

5 Experiments

Our experimental evaluation is designed to answer the following questions: (1) How effective is D-
Cubed in generating trajectories for dexterous deformable object manipulation? (2) How does our
method compare to competitive baselines including traditional trajectory optimisation approaches
and other methods that do not require expert demonstrations? (3) How important are the design
decisions of D-Cubed in generating high-performance trajectories? In addition, we conduct real-
world experiments to qualitatively assess whether the optimised action trajectories are executable
on real hardware (see Appendix A.2). For further experimental details and resuls, see Appendix 4.3.

5.1 Experimental Setup

Simulated Environments: We evaluate D-Cubed on a publicly available benchmark that consists
of a suite of six challenging dexterous deformable object manipulation tasks introduced in prior
work [14]. The benchmark consists of three single-hand tasks (Folding, Flip, Wrap) and three
dual-hand tasks (Dumpling, Bun, Rope). For dual-arm tasks, D-Cubed uses the same trained LDM
to independently generate action sequences for each arm, producing two coordinated trajectories
for each hand simultaneously. The cost function dictated by the benchmark is the Sinkhorn Diver-
gence [45] which measures the difference between the manipulated and the target object shape using
point clouds. Our experimental setup closely follows that of prior work [14] in that we evaluate D-
Cubed and competitive baselines on tasks intended to form 5 different target shapes for each task.
For more details on the tasks, see Appendix F and the prior work [14].



Target shape

Figure 4: Qualitative results of D-Cubed. (Top) Flip and (Bottom) Dumpling task. In Flip task,
the hand, using primarily the wrist and finger DoFs, is able to fold the plasticine into a configuration
that is representative of the goal state. In Dumpling task, using two hands to deform the stationary
plasticine, D-Cubedis able to manipulate the plasticine close to the target shape.

Env Folding Rope Bun Dumpling ‘Wrap Flip
Grad TrajOpt 0.032 £ 0.061 0.079 +£0.026 | 0.00040.000 | 0.032=+0.061 | 0.079=£0.026 | 0.000 =+ 0.000
MPPI 0.002 £0.005 | 0.000+0.000 | 0.000=+0.000 | 0.021=+0.042 | 0.000=£0.000 | 0.000 = 0.000
Skill-based MPPI 0.020 £0.002 | 0.000£0.000 | 0.04840.012 | 0.05240.034 | 0.000=£0.000 | 0.409 £ 0.001
PPO 0.361 £0.173 | 0.460 £0.257 | 0.069 4+ 0.117 | 0.000£0.000 | 0.000 £ 0.000 | 0.223 £0.328
LDM w/ Gradient guidance | 0.050 &0.038 | 0.001 £ 0.001 0.019£0.018 | 0.0094+0.014 | 0.016 £0.016 | 0.448 £ 0.080
Diffusion-ES 0.403 £0.227 | 0.192£0.059 | 0.2734+0.092 | 0.17940.057 | 0.305£0.007 | 0.678 £0.032
D-Cubed 0.871+£0.021 | 0.741+0.031 | 0.704 £0.012 | 0.699 £0.037 | 0.512 4+ 0.032 | 0.909 & 0.025

Table 1: The averaged normalised improved EMD and standard deviation over 3 seeds are reported
for each method. The scores for Grad TrajOpt and PPO are taken from previous work [14].

Evaluation Metric: Following [14], we report the normalised improvement in Earth-Mover distance
(EMD) approximated by the Sinkhorn Divergence, calculated as d(t) = d"d—’odt where dg and d; are
the initial and current EMD values. When the normalised improvement is 1, the deformable object
perfectly matches the target shape. A negative score from a large discrepancy is set to 0.

5.2 Baselines

We compare D-Cubed with the following state-of-the-art and competitive baselines that represent
competing approaches capable of generating trajectories (for further details, see Appendix D):

* Grad TrajOpt: A gradient-based trajectory optimisation [12] that utilises the first-order gradi-
ents available from the benchmark simulator.

* MPPI: A sampling-based trajectory optimisation method [27] that samples a batch of short-
horizon trajectories from a Gaussian distribution and updates the parameters of the distribution
based on the top-performing trajectories.

o Skill-based MPPI: Skill-based MPPI is similar to MPPI, but operates in the skill-latent space.
In contrast to D-Cubed, which uses an LDM to sample meaningful skill compositions, Skill-
based MPPI must optimise such meaningful compositions by sampling diverse trajectories.

* PPO: Proximal Policy Optimisation (PPO) [46] generates closed-loop action sequences from
point cloud inputs as an alternative to trajectory optimisation.

* LDM w/ Gradient Guidance: Using the learnt LDM to optimise a trajectory through the reverse
process with gradient guidance using gradients from the simulator.

* Diffusion-ES: A concurrent method [47] that also proposes a gradient-free sampling method
based on evolutionary search with a truncated diffusion process.

5.3 Trajectory Optimisation Results

D-Cubed is the highest performing method across all tasks. Table 1 shows the normalised im-
provement in EMD for each task. D-Cubed outperforms the baseline methods by a significant mar-
gin in all tasks. These results indicate that D-Cubed effectively combines learnt skills to explore



the solution space using the LDM and exploits diverse sampled trajectories through gradient-free
guided sampling to minimise a task-informed cost (see Appendix 4.3).

Traditional optimisation methods and RL baselines struggle due to poor exploration. Grad
TrajOpt rarely obtains useful gradients from the shape-matching cost and struggles to find perfor-
mant trajectories. MPPI and Skill-based MPPI focus on local short-horizon optimisation, missing
better long-horizon solutions. In contrast, D-Cubed optimises the entire trajectory globally, en-
abling the dexterous hand to discover high-performing trajectories. This highlights the advantage of
using an LDM trained to compose meaningful skill sequences, effectively narrowing the search to
promising trajectories. Similarly, PPO underperforms relative to D-Cubed due to RL’s difficulty in
exploring high-dimensional state spaces, and must also be retrained for each task.

Gradient-guided diffusion and Diffusion-ES suffer from noisy or limited guidance. LDM w/
Gradient guidance performs poorly in all tasks, primarily due to noisy gradients from the simula-
tor [13] and the lack of informative task signals, especially in tasks requiring extensive search or
involving no object contact. Diffusion-ES, while initially generating clean trajectories and perturb-
ing them through short diffusion steps, also struggles to explore the solution space sufficiently. The
small perturbations limit its ability to recover when initial trajectories miss object contact.

Skill-level diffusion in D-Cubed enables efficient exploration. In contrast, D-Cubed explores the
solution space more effectively by generating noisy skill trajectories at the beginning of the reverse
diffusion process. This higher-level representation allows for broader exploration in the state space
compared to low-level action trajectories generated by Diffusion-ES, leading to more efficient and
successful planning outcomes.

5.4 Ablation Studies

Number of trajectories sampled during the reverse Mean( ») 1am(~)
1 sample == -
i i 1 - 2 I 1 1
dlffusmp process. Fig. 5 shows the mean .and In- 2 samples -
terquartile Mean (IQM) with 95% confidence intervals 0.64 0.68 0.72 0.760.60 0.65 0.70 0.75

Normalised score

(CIs) [48] of normalised improvement in EMD averaged
across all six tasks with different numbers of trajectories Figure 5: Ablation of the number of tra-
sampled during the reverse diffusion process (Line 9 in Jjectories sampled during the reverse dif-
Algorithm 1). Fig. 5 indicates that sampling more trajec- fusion process (line 9 in Algorithm 1).
tories during the reverse process significantly improves

performance because D-Cubed can more effectively search the solution space.

Efficacy of skill latent representations. Fig. 6 shows
the performance of D-Cubed with and without the use of
a skill latent across the six tasks. It is evident in simpler
tasks, such as Flip and Folding, that the use of a skill-
latent space does not significantly improve results. How-
ever, the performance of D-Cubed on Rope and Wrap,
considerably harder tasks, is substantially better when us-
ing a skill-latent space. We reason that this is because
D-Cubed with a skill-latent space can effectively search " “Folding Rope Bun Dumping Wrap _ Fiip
the solution space and tackle hard exploration problems.

Improvement in EDM

Figure 6: Comparison of D-Cubed w/
and w/o skill latent representations.
6 Conclusion

We present D-Cubed, a new trajectory optimisation method to solve long-horizon dexterous de-
formable object manipulation tasks using a latent diffusion model trained from a task-agnostic play
dataset. D-Cubed leverages a novel gradient-free guided sampling method that adapts the CEM
within the reverse diffusion process. The experimental results show that D-Cubed outperforms the
traditional and competitive trajectory optimisation baselines by a significant margin, showing great
promise for other challenging trajectory optimisation tasks.



6.1 Limitations

Experimental studies show that D-Cubed can generate a performant action sequence for dexterous
deformable object manipulation tasks. However, D-Cubed cannot find realistic trajectories for all
tasks because some benchmark tasks permit non-physical behaviours, such as table penetration and
object floating. As a result, we are unable to conduct real-world experiments for every task, al-
though we successfully demonstrate transfer for Flip (see Appendix A.2). Another limitation is the
time required to generate a desired trajectory, which heavily depends on simulation evaluation time.
However, using a faster, parallel simulator [49, 50] would greatly improve the speed of optimising
a trajectory. Finally, D-Cubed is open-loop, making it unable to accommodate for discrepancies ob-
served when executing the trajectory. In the future, we aim to close the loop, potentially by distilling
the trajectories into a policy.
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Figure 8: Qualitative results of D-Cubed using the LEAP hand in a real-world experiment. The
LEAP hand effectively deforms the object, exhibiting similar deformation as observed in the simu-
lation.

A Additional Analysis

A.1 Ablation of Additional Gradient Guidance

The performance disparity when D-Cubed also uses

gradient guidance with the proposed gradient-free ., gragiont Mean(~) 1amM~)
sampling is reported in Fig. 7. As gradient guidance =~ W/ gradient i v ———

- . ) 0.750 0.765 0.780  0.7680.7760.7840.792
does not demonstrate a statistically significant im- Normalised score

provement in the score compared to D-Cubed with-

gut }gfraqlentl guldancel, tllle 1ncre:;sed tume drfequlred and without additional gradient guidance in
y the simulator to calculate gradients used for gra- our method. We report Mean and Interquar-

dient guidance is not warranted. Additionally, this (jle Mean (IQM) of improvement in EDM
result adds further evidence to the premise that gra-  averaged across all six tasks.

dients from differentiable simulators are often sparse
and uninformative [13].

Figure 7: Comparison of performance with

A.2 Qualitative Results in Real-World Environments

We qualitatively investigate whether an optimised trajectory from simulation can be transferred to
real-world environments. Due to hardware limitations, we use a LEAP hand, a low-cost dexterous
hand [51], instead of the Shadow hand [21]. Thus, the simulator is modified by replacing the Shadow
hand with the LEAP hand. We evaluate the trajectory transfer on the Flip task, as this benchmark
task makes the least number of simplifying assumptions compared to the real world. The other tasks
permit object interpenetration with the table and unrealistic floating behaviour of the deformable
object, rendering the evaluation impractical. In this experiment, given the known start state of
the deformable object, we transfer the sequence of actions optimised in simulation to the real-world
environment and control the hand in an open-loop manner. As shown in Fig. 8, the hand successfully
flips the deformable object so that the object is folded within the hand in the real-world environment.

B Data collection Details

A task-agnostic play dataset of representative robot hand motions, including finger closing and open-
ing and wrist movement, is collected. We use RGB data from a RealSense D435 camera to track
human hand motion and re-target the human hand pose to a robot hand in the SAPIEN simula-
tor [52], inspired by prior work [39]. We collect the play data for a duration of only 20 minutes,
which corresponds to around 50K data points.
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C Training Details

C.1 VAE

The VAE encoder and decoder both consist of a 4 layer LSTM [53] with 256 neurons per layer. In
this work, we use a subsequence of actions with H = 10 to learn the skill-latent space. The VAE is
trained using the Adam optimiser [54] with a learning rate of le—4.

C.2 Latent Diffusion Models

We use the transformer architecture used in NanoGPT [55]. We report further hyperparameter details
of the transformer denoiser network and diffusion in Table 2 and Table 3.

Table 2: Transformer Denoiser Network Hyperparameters

Parameter ‘ Value
Optimiser Adam
Learning rate le-4
Minibatch size 256
Embedding dimension | 312
Batch size 256
Number of layers 6
Self-attention heads 4

Table 3: Diffusion Hyperparameters

Parameter ‘ Value

Number of diffusion timesteps 200
Noise schedule cosine
Noise schedule parameters s 0.008

C.3 D-Cubed Details

We report hyperparameters of D-Cubed used during trajectory optimisation steps in Table 4.

Table 4: D-Cubed Optimisation Hyperparameters

Parameter ‘ Value

Number of diffusion timesteps | 200
Number of samples 5

D Baseline Method Details

As we report the scores for gradient-based trajectory optimisation (TrajOpt) and PPO from prior
work [14], we refer the reader to the prior work for further details.

D.1 MPPI

MPPI baseline samples 30 trajectories with a horizon of 15 steps. These parameters are chosen
because they result in an optimisation time similar to D-Cubed. We report the hyperparameters for
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MPPI in Table 5 in detail. In this experiment, we employ the publicly available MPPI implementa-
tion!.

Table 5: MPPI and Skill-based MPPI Hyperparameters

Parameter Value
planning horizon 15
Number of samples 30
Temperature 1.0
Initial noise mean 0.0
Initial noise std 1.0

D.2 Skill-based MPPI

Skill-based MPPI baseline samples skill-latent representations for effective exploration of the state
space. We use the same hyperparameters as those of MPPI, except that the action sampled from a
Gaussian distribution is skill-latent representations instead of low-level actions.

D.3 LDM w/ Gradient Guidance

LDM w/ Gradient Guidance baseline leverages gradient guidance [31] to generate a desired trajec-
tory. In particular, first-order gradients from the differentiable physics simulator are used to guide
the reverse process of the latent diffusion model. In our experiments, we denoise a noisy trajectory
without gradient guidance for the first half of the diffusion steps so that a relatively clean trajectory
can be obtained. For the rest of the diffusion steps, the following gradient guidance is applied:

Vi, 10g pa, (xi]y) = Vx, log pa, (xi) + 7V, log p(y|x;). Q)

where y is the cost of the trajectory, Vi, log p(y|x;) corresponds to the first-order gradients obtained
from differentiable physics simulators, and  is the scale of the gradient guidance. In our experiment,
we use Y = le—4.

D.4 Diffusion-ES

Diffusion-ES, concurrent research [47], also optimises a trajectory using gradient-free guided sam-
pling with a truncated diffusion process. While the prior work chooses the last trajectory of the
optimisation process as output, we observe that it is often worse than the trajectories found in the
middle of optimisation iterations. Thus, we report the score of the best trajectory found during the
trajectory optimisation process. The hyperparameters used in Diffusion-ES is reported in Table 6.
Following the original work [47], initially, the diffusion mutation steps start from 5 and the mutation
step is linearly decayed to 1 over 200 search steps.

Table 6: Diffusion ES Hyperparameters

Parameter Value

Mutation diffusion start steps 5

Mutation diffusion final steps 1

Population )
Optimisation steps 200

"https://github.com/UM-ARM-Lab/pytorch_mppi/tree/master

15



&}

E Gradient-Free Guided Sampling for Trajectory Optimisation

Algorithm 2 is a complete version of gradient-free guided sampling for trajectory optimisation in
D-Cubed. To determine the best sequence of skill latent representations zii;“”, each skill sequence
in a batch of B skill trajectories is evaluated in simulation, and the skill sequence that minimises a

cost is selected as the best sequence (Line 5).

Algorithm 2 Gradient-Free Guided Sampling for Trajectory Optimisation in Reverse Diffusion Pro-
cess

—

: Require: denoising model, Gg; target state of deformable objects, Starget, Tskits = %

2: Initialise: Cpest = 00, fpest = None

3: {z}\,7 e ,ZCJC,S’“'”}UB| ~ N(0,1) > Sample B initial sequences of latent representations

4: fori=N,N—1,...,1do

5: z, Lt < FINDBESTLATENTS({z; /" }/Bl) & Choose the best sequence of skill latents

6: i ug(zé;ﬁ’“’”) > Predict a mean of a Gaussian distribution (see Eq. 4)

7: cost = evaluate(qd®c(atT|p;)) > Evaluate the predicted mean

8: if cost < Cpes; then

9: rvest <= bis Cpest < cost

10: {z} ,,... ,ziTj’“l'i“ HBL~ N (tpest, 02 ,I) > Sample a batch B of sequences of skill latents

11: return pfc(al:T\ubest)

12: function FINDBESTLATENTS({z!, ...,z s }1Bl)

13: COStpest; Zbhest = 00, None

14: for z'iTskin = {z1 ... gTeriu}IBl do > Evaluate each sequence of latent representations in
the batch

15: cost; = evaluate(pye“(al " |z! ki)

16: if cost < costyes; then

17: COSthest <— COSt, Zpegt — Z 1 Tskill

return Zpeg

F Task Details

F.1 Cost Function

The cost function used for trajectory optimisation is defined by Sinkhorn Divegence. Following the
prior work [14], the geomloss library is used to define the cost function:

from geomloss import SamplesLoss
0T_LOSS = SamplesLoss(loss="sinkhorn", p=1, blur=0.0001)

F.2 Tasks

For single-hand task, such as Folding and Wrap, the action dimension is 26 (20 for actuators includ-
ing finger joints and wrist, and 6 for the base). For in-hand manipulation tasks (Flip), a single hand
with a fixed base is assumed, resulting in an action dimension of 20. In dual-hand environments,
the action dimension is 52, allowing for a movable base for both hands. Since a VAE is trained
to encode a single-arm action trajectory in the play dataset, an LDM generates a single-arm skill
trajectory. Thus, to handle dual-hand tasks using D-Cubed, the LDM generates a trajectory for each
arm. In the following, we describe the details of each task.

Folding: The initial position of the robot hand is above the dough, and the hand must fold the dough
in four different directions: front, back, left, and right.

Wrap: The robot hand first picks up the plasticine ball and places it onto the dough shaped like a
rope. Then, it pinches the side of the rope to wrap the ball inside it.

Flip: The robotic hand tosses the dough in the air to reshape and reposition it.
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Bun: The two robotic hands deftly pinch and push the dough to form a bun-shaped object.

Rope: The right-hand grasps the rope on the right, lifts it, and places it above the left rope. Then,
the left-hand bends the left rope.

Dumpling: To wrap a dumpling, the right hand first grasps the right side of the dough. While
holding the dough with the right hand, the left hand lifts the left side of the dough. Finally, the two
hands bring the two sides of the dough together and form it into a dumpling shape.
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8.1 Limitations and Future Work

Experimental results demonstrate that D-Clubed is capable of generating high-
performing action sequences for dexterous deformable object manipulation tasks.
Nevertheless, D-Cubed does not consistently produce physically realistic trajectories
for every benchmark task, as certain tasks allow physically infeasible behaviours,
such as object penetration through tables and unnatural object floating, due to the
low fidelity of the simulated environments. Consequently, real-world experiments
are not feasible for all tasks. Thus, developing physically realistic benchmarks for
dexterous deformable manipulation remains an important direction for future work.

Furthermore, D-Cubed formulates manipulation as a trajectory optimisation
problem whose objective is defined exclusively by the Chamfer distance between the
manipulated and target object point clouds. Consequently, the optimisation operates
entirely in geometric space and does not explicitly model contact forces, tactile
feedback, or contact mechanics. In addition, the generated action sequences are
position-based, rather than force- or torque-controlled, and therefore do not directly
regulate interaction forces during execution. Contact forces are treated as an implicit
consequence of achieving correct geometric alignment under low-level position
control, rather than as optimisation variables. While this is effective for tasks in
which object shape similarity is the primary success criterion, it is not well-suited to
precision-sensitive manipulation scenarios in which task success depends critically
on controlled contact forces or sensitivity to applied force magnitudes. Extending
the framework to incorporate force-aware objectives or hybrid force—position control
would be necessary to address such tasks.

While D-Cubed qualitatively demonstrates effective sim-to-real transfer by
replaying sequences of optimised actions, it only supports open-loop control and
does not incorporate perception input, which significantly limits its applicability in
real-world settings. To enable closed-loop control, D-Cubed can instead be utilised
as a data generator in simulation, providing diverse optimised trajectories that serve

as demonstrations for training closed-loop, vision-based policies. More importantly,
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since D-Cubed is capable of generating solutions under domain randomisation, this
approach holds promise for achieving more robust and effective sim-to-real transfer.

Another concern is the computational time required for trajectory optimisation
in D-Cubed, primarily influenced by simulation evaluation time. In particular, D-
Cubed (200 diffusion steps) takes around 4.9 seconds, excluding trajectory evaluation.
With the inclusion of trajectory evaluation in DexDeform’s differentiable physics
simulator, the complete optimisation takes approximately 1.5 hours. Thus, D-
Cubed can achieve order-of-magnitude speedups by using a faster non-differentiable
simulator such as MuJoCo [197] and IsaacSim [107], or a learnt dynamics model.
Lastly, while D-Clubed sometimes generates action trajectories with jerky motions,
this issue can be mitigated by incorporating additional cost terms that explicitly

penalise trajectory jerks.



Discussion and Future Work

9.1 Discussion

This thesis investigates the unification of planning and learning to improve the
efficiency, flexibility, safety, and robustness of skill acquisition and execution in
contact-rich manipulation tasks. In particular, it explores two complementary
themes: (A) planning-guided efficient skill acquisition (Chapter [3 [} and [f)) and

(B) improving model-based approaches through the use of generative models

(Chapter [0, [7 and [g).
9.1.1 Planning-Guided Efficient Skill Acquisition

Chapter [3| presents a robotic system for sample-efficient and versatile skill acquisition
in small-batch manufacturing settings, achieved by combining motion planning with
a learnt RL policy for contact-rich insertion tasks in obstructed environments. In
this system, motion planning first generates collision-free trajectories that guide the
robot toward the target object, and the RL policy subsequently executes the contact-
rich manipulation. The system also leverages object-centric generative models for
one-shot target object identification, making it effective in small-batch settings.
Additionally, a skill transition network facilitates smooth transitions between the
terminal states of motion planning and the initiation set of the RL policy.

The system introduced in Chapter [3| has two major drawbacks: (1) online RL

training risks damaging hardware due to frequent collisions, and (2) the learnt RL
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policy can still collide with the environment and struggle in cluttered settings such
as grasping an object on a shelf. To address these limitations, Chapter [4] extends
the framework by incorporating a value function learnt from synthetic data into
model predictive control (MPC) as a cost function, enabling safe and closed-loop
visual grasping that is generalisable to novel objects in cluttered environments.
Grasp-MPC' learns a value function from synthetic grasp trajectories for diverse
objects generated in simulation and transfers it directly to real-world environments.
Moreover, it ensures safety by optimising action sequences using a combination of
the learnt grasp value function and collision cost functions, thereby grasping objects
safely even in challenging, cluttered environments with obstacles.
COMBO-Grasp, introduced in Chapter 5], builds upon the principles in Chap-
ters [3land [4] extending the unified planning and learning framework to bimanual
occluded grasping tasks. COMBO-Grasp comprises two coordinated policies: a
constraint policy, guided by a motion planner, stabilises the target object, while
a grasping policy, trained with RL, handles complex non-prehensile manipulation
for bimanual occluded grasping. Instead of using object-centric generative models,
COMBO-Grasp trains a constraint policy from a dataset collected in a self-supervised
manner, which predicts a stabilisation pose for one arm to stabilise the object while
the other performs the grasp. During RL training of the grasping policy in simulation,
the constraint policy predicts a stabilisation pose at the beginning of each episode,
and the constraint arm is positioned accordingly. This setup enables the grasping
policy to focus on learning effective grasp strategies with the support of the stabilising
arm. Moreover, in contrast to the system in Chapter [3| which requires online
interaction with the real-world environment, COMBQO-Grasp trains state-based
teacher policies in simulation and distils them into vision-based student policies,
enabling effective sim-to-real transfer without requiring real-world data collection.
This framework for bimanual coordination effectively accelerates RL training of the
grasping policy in simulation and achieves robust transfer to real-world environments.
The experiments demonstrate that the unified framework can solve more complex

bimanual manipulation tasks while ensuring effective sim-to-real transfer.
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Across these three chapters, we demonstrate the effectiveness of unifying planning
and learning for efficient skill acquisition in contact-rich manipulation tasks, ranging
from single-arm grasping and insertion in cluttered, unstructured environments to
complex bimanual manipulation. In particular, planning serves to guide efficient and
safe skill acquisition and execution by decomposing and structuring manipulation
problems, allowing learning-based components to focus on the most challenging
aspects of contact-rich interaction. Starting from the foundational framework
in Chapter [3, which integrates motion planning with an RL policy, Chapter
enhances safety, generalisability, and adaptability by combining MPC with a value
function trained from a large-scale synthetic dataset. This principle of unifying
motion planning with learning-based approaches is further extended to bimanual,

contact-rich manipulation settings in Chapter [

9.1.2 Improving Model-Based Approaches with Generative Models

Chapter [6] proposes gradient-based motion planning in a structured latent space
trained using a VAE on readily available robot kinematics data instead of using
costly expert demonstrations. AMP-LS can be seen as a latent transition model
that facilitates planning by capturing feasible kinematic transitions between latent
states, which are derived from readily available data of kinematically valid joint
configurations. While it does not explicitly model physics-based dynamics, it serves
a comparable role for kinematic planning. To navigate around obstacles with diverse
and complex shapes, AMP-LS integrates a vision-based collision predictor trained
on synthetic scenes and uses its gradients as constraints during planning.

In contrast to AMP-LS, which is limited to kinematic planning and thus
cannot directly solve full manipulation tasks, Chapter [7| introduces a sample-
efficient approach for learning dynamics models applicable to manipulation tasks
by leveraging the capability of generative modelling. Specifically, TWIST addresses
the challenge that training dynamics models directly on real-world data is often
impractical due to limited data availability and the risk of unsafe interactions during

online data collection. To overcome this, TWIST learns a transferable dynamics
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model and associated policy entirely in simulation. A state-based teacher world
model is first trained using low-dimensional state observations, which are readily
accessible in simulation. The teacher model supervises a vision-based student
model through distillation, leveraging paired low-dimensional states and domain-
randomised image observations collected during teacher training to bridge the
domain gap. Moreover, using the capabilities of generative models, TWIST further
leverages imagined trajectories from both teacher and student models to enable
more effective distillation. TWIST demonstrates that the resulting vision-based
dynamics model with the associated policy can be effectively transferred to real-world
environments in a zero-shot manner, supporting both policy execution and planning.

In contrast to Chapters [6] and [7], which focus on learning dynamics models,
Chapter [§] introduces D-Cubed, which learns a generative action sampler and
exploits it in combination with the CEM for dexterous deformable manipulation,
under the assumption that the dynamics model is available. D-Cubed learns a
sampling distribution using a latent diffusion model (LDM) for efficient exploration
and proposes gradient-free guided sampling for effective exploitation. The LDM
is trained on task-agnostic robot hand play data, which includes semantically
meaningful motions such as opening, closing, and wrist movements. A VAE first
learns skill latent representations by reconstructing short-horizon action sequences
sampled from the play dataset. The LDM then composes these skill latents into
coherent long-horizon trajectories. To optimise trajectories, D-Cubed integrates a
variant of the CEM into the reverse diffusion process of the LDM, where the lowest-
cost action sequence is selected at each denoising step and iteratively refined in
subsequent steps. D-Cubed demonstrates that learning a sampling distribution using
a generative model facilitates exploration for trajectory optimisation in contact-
rich manipulation, enabling the discovery of high-performing trajectories using a
readily collected, task-agnostic play dataset instead of costly, task-specific expert
demonstrations or sample-inefficient policy learning.

Collectively, these three chapters demonstrate the effectiveness of utilising gener-

ative models trained on readily collected datasets to improve model-based decision-
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making and overall task performance in contact-rich manipulation. Chapter [0]
introduces gradient-based motion planning in a learnt structured latent space that
performs gradient-based optimisation within a latent space learnt from kinematically
feasible joint states. Rather than focusing on kinematic planning, Chapter[7] develops
a sim-to-real transfer framework for model-based RL via teacher-student distillation
in imagined trajectories. Finally, Chapter [§| complements these contributions by
learning task-agnostic sampling distributions using an LDM to guide trajectory
optimisation. Collectively, these contributions demonstrate that generative models
can improve model-based approaches by learning dynamics models for planning
and policy optimisation, and by acquiring task-agnostic sampling distributions
that guide trajectory optimisation, enabling scalable and adaptable solutions for

diverse and challenging manipulation tasks.

9.1.3 Connection Between Two Themes

Although the two themes are presented separately, their contributions are comple-
mentary and can be combined to further advance the unified planning—learning
framework. For example, in Theme A, motion planning is extensively employed to
guide skill acquisition and structure challenging manipulation tasks in unstructured
environments, allowing the learning-based approach to focus on the more difficult
aspects of the problem. However, heuristic geometric planning can be slow and
lacks the ability to adapt to changes in the environment during execution. On the
other hand, AMP-LS from Theme B offers a direct improvement in this regard,
enabling faster, gradient-based planning in a learnt latent space with reactive
collision avoidance. Replacing the heuristic motion planner in Theme A’s systems
with AMP-LS could therefore yield both speed and adaptability gains.
Similarly, in Grasp-MPC (Theme A), MPC is combined with a learnt grasp
value function to enable safe and generalisable vision-based closed-loop prehensile
manipulation in cluttered environments. Because grasping is a prehensile manipula-
tion task, an explicit dynamics model of the environment is not strictly necessary.

However, extending such an approach to more complex non-prehensile tasks requires
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a dynamics model that captures object dynamics and contact interactions to roll out
and evaluate sampled action sequences. TWIST from Theme B directly addresses
this need by learning transferable dynamics models from simulation to real-world
settings, enabling safe and sample-efficient acquisition of a world model in tasks
where handcrafted models are impractical or real-world data is not readily available.

Furthermore, finding high-performing action sequences in MPC becomes more
challenging with the increasing complexity of manipulation tasks. In such cases,
D-Clubed from Theme B offers a promising solution by providing task-agnostic,
diffusion-based action samplers that efficiently guide trajectory optimisation toward
high-quality solutions. Integrating such sampling strategies into Grasp-MPC' in
Theme A could improve search efficiency and solution quality in more challenging
contact-rich manipulation tasks.

These examples illustrate that model-based approaches, enhanced by generative
modelling in Theme B, can serve as drop-in replacements or improvements for
components in Theme A’s frameworks, boosting planning speed, reactivity, and
the ability to handle complex dynamics. Conversely, the planning-guided efficient
skill acquisition in Theme A provides natural application domains for the models
developed in Theme B, highlighting their utility in real-world and safety-critical

manipulation scenarios.

9.2 Future Work

This thesis has demonstrated the effectiveness of unifying planning and learning
for contact-rich manipulation, yet several promising research directions remain to

further advance the field and expand the range of real-world applications.

Scaling to long-horizon manipulation tasks with task planning. The
approaches presented in this thesis primarily focus on relatively short-horizon
manipulation tasks such as insertion and grasping. A natural extension would be
to scale these unified approaches to more complex, long-horizon manipulation tasks,

such as assembly, that require sequential manipulation of multiple objects. Building
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upon assembly benchmarks such as RAMP [68], a work which is not covered in
this thesis, future work could investigate how the proposed planning-guided skill
acquisition methods can be extended to handle multi-step assembly sequences.
A promising direction involves integrating high-level task planning with learnt
manipulation policies developed in this thesis. This hierarchical approach would
combine a symbolic task planner that can reason about object relationships and
assembly sequences with the low-level learnt policies for contact-rich manipulation.
Moreover, to enhance the capability of task planning, a dynamics model can be
combined with task planning to estimate future outcomes and determine the next
best high-level action, similar to prior work [198]. As presented in Chapter , such
dynamics models can be learnt from simulated datasets, optionally in addition to

a small number of real-world interaction data for finetuning.

Safe and robust approaches to non-prehensile manipulation tasks. COMBO-
Grasp successfully addresses bimanual occluded grasping tasks, which require non-
prehensile manipulation skills such as pushing and reorienting a target object.
Nevertheless, the grasping policy trained using RL remains inherently unsafe
when obstacles are present or in cluttered settings, for example when objects
are located inside a shelf. Grasp-MPC can potentially alleviate this issue by
incorporating a learnt value function as the cost for MPC, thereby improving safety
and robustness while maintaining generalisable manipulation skills for novel objects.
However, Grasp-MPC' is primarily designed for prehensile grasping in cluttered
environments and is not directly applicable to non-prehensile manipulation tasks.
Such tasks, including deformable object manipulation, require explicit modelling
of object and robot dynamics to roll out and evaluate sampled action sequences.
TWIST, introduced in Chapter [7] can provide such a dynamics model by leveraging
readily available synthetic data, thereby enabling Grasp-MPC' to be applied beyond
grasping tasks. Alternatively, another promising direction is to learn a value function
conditioned on sequences of actions (i.e., action chunks) |189], which implicitly

captures environment dynamics and reduces reliance on explicit rollouts. Together,
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these approaches highlight potential pathways for extending safe and robust MPC

beyond prehensile grasping to a wider range of non-prehensile manipulation tasks.

Learning accurate dynamics models efficiently for contact-rich manipula-
tion. TWIST demonstrates that a dynamics model can be learnt from synthetic
data and successfully deployed to real-world contact-rich manipulation tasks. While
one of the tasks evaluated in TWIST involves non-prehensile manipulation, it
remains relatively simple, focusing on a block-pushing scenario in a tabletop
environment. To address more complex manipulation problems, it is essential
to develop methods for learning accurate dynamics models efficiently from data,
particularly for contact-rich interactions. Recent studies have leveraged diffusion
models [69, |158] to learn more expressive and accurate dynamics models that can be
utilised for planning or policy optimisation. Accordingly, using a diffusion model in
TWIST to learn a dynamics model represents a promising direction for improving
model accuracy. Furthermore, publicly available large-scale robotic datasets [199)
enable the pre-training of dynamics models that capture generalisable priors for
manipulation tasks, which can then be fine-tuned using a small number of real-world
interaction episodes. Lastly, co-training [200], which jointly utilises simulated and
real-world data, has also demonstrated promising results for manipulation tasks

and could potentially be applied to improve the training of dynamics models.

Trajectory optimisation with learnt dynamics models. D-Cubed, presented
in Chapter [8, assumes access to a dynamics model; however, such a model,
particularly for contact-rich deformable object manipulation, is rarely available
in real-world settings. Inspired by TWIST (Chapter [7), a world model could
be trained entirely in simulation, for example, from point cloud observations, to
effectively capture deformable object behaviour and then transferred to real-world
environments. To further enhance modelling accuracy, this learnt world model
could be fine-tuned using a small set of real-world interactions, enabling D-Cubed
to identify high-performing trajectories that can be executed effectively in real-

world manipulation tasks. Moreover, the optimised sequence of actions can be
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utilised as a dataset to train a visuomotor control policy capable of performing

the target task in a closed-loop manner.

Unifying planning and learning for foundation models. While this thesis
primarily focuses on low-data regimes or leverages readily available data (e.g.,
from simulation), a recent trend in robot learning is the use of large-scale cross-
embodiment demonstration datasets to train vision-language-action (VLA) mod-
els |27, 164, [165] for better adaptation and generalisation to novel scenes, objects,
and embodiment. However, current VLAs remain difficult to deploy in complex
environments with obstacles, unless task-specific demonstrations that include
obstacle avoidance behaviour are provided for fine-tuning. To facilitate real-world
deplomultiyment, it is more promising to unify planning and learning for safer
and more reliable execution of skills. For instance, VLA models can be used to
decompose a task into segments that are suitable for motion planning and those
requiring fine-grained manipulation. This decomposition enables safe navigation
around objects using motion planning, followed by precise manipulation using
VLAs. Moreover, inspired by prior work on learning foundation reward models from
large-scale robotic data [201], a foundation value function could be trained and
integrated with MPC, analogous to Grasp-MPC. Lastly, VLA can also serve as an
action sampler, which, when combined with a world model, enables the simulation

of expected outcomes to select the most suitable next action for manipulation tasks.



Conclusions

This thesis presents a comprehensive study on unifying planning and learning
for contact-rich manipulation, addressing key challenges that hinder robots from
operating effectively in semi-structured and unstructured environments. Across
six research works, ranging from planning-guided skill acquisition to the use of
generative models for improving model-based approaches, the thesis demonstrates
that combining model-based planning with data-driven learning trained on readily
available data can effectively overcome the limitations of each when used in isolation.

The central theme of this work, that combining the complementary strengths of
planning and learning enables more efficient, safe, and generalisable contact-rich
robot manipulation, has been validated through extensive experimental evaluation
across both simulated and real-world environments. Planning provides predictive
foresight, constraint handling, safety assurance, and navigation to the target, whereas
learning contributes by acquiring contact-rich manipulation skills, modelling complex
dynamics, enabling adaptation and generalisation to novel objects, and providing
priors such as sampling distributions. By unifying these paradigms, the frameworks
developed in this thesis have demonstrated significant improvements in sample

efficiency, safety, task performance, and adaptability compared to prior approaches.
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10.1 Key Contributions and Impact

The first major contribution area, planning-guided efficient skill acquisition, has
demonstrated how model-based planning, such as motion planning and trajectory
optimisation, can effectively structure or assist learning problems. This approach
accelerates skill acquisition and ensures safe execution for complex manipulation
tasks in unstructured environments, even with the presence of obstacles. In particu-
lar, Chapter [3| presents a system for sample-efficient and versatile skill acquisition
in small-batch manufacturing settings, capable of safely performing contact-rich
insertion tasks across the robot’s entire workspace in obstructed environments by
unifying motion planning with an RL policy. This is achieved by leveraging an object-
centric generative model that enables one-shot goal identification and facilitates rapid
adaptation to novel target objects. Similar to Chapter , Grasp-MPC (Chapter (4)
leverages motion planning to avoid obstacles and reach a predicted pre-grasp pose.
In contrast to Chapter [3| which leverages RL for contact-rich manipulation, Grasp-
MPC' employs MPC with a value function learnt from diverse synthetic grasp
trajectories as the cost function, enabling safe, robust, and generalisable closed-loop
visual grasping in complex, unstructured environments. COMBO-Grasp extends
this principle to bimanual occluded grasping by employing a motion planner to
control one arm for object stabilisation, thereby enabling an RL policy to acquire
grasping skills more efficiently through the use of the stabilising arm.

The second major contribution area, improving model-based approaches through
generative models, demonstrates how learnt representations and generative sam-
pling can enhance model-based decision-making, particularly by leveraging readily
collected data such as synthetic datasets or task-agnostic play data. AMP-LS
(Chapter [6]) demonstrates gradient-based motion planning in a structured latent
space learnt from readily available kinematically valid robot states. It gener-
ates collision-free trajectories in cluttered scenes with complex object geometries,
improving planning efficiency and reactivity to dynamic targets and obstacles.

TWIST (Chapter [7)) presents a teacher-student distillation framework that achieves
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effective zero-shot sim-to-real transfer for model-based RL by distilling learnt latent
representations in imagined trajectories. D-Cubed (Chapter [§]) shows that latent
diffusion models, trained on task-agnostic play datasets, can generate diverse action
sequences that facilitate effective exploration and improve trajectory optimisation for
dexterous deformable object manipulation tasks by integrating the Cross-Entropy
Method into the reverse diffusion process.

These contributions establish a foundational framework for unified planning
and learning for contact-rich manipulation tasks in unstructured settings. The
experimental validation across diverse tasks highlights the robustness of the approach

and its potential for broad applicability.

10.2 Broader Implications

This thesis has significant implications for the practical deployment of robotics in
real-world applications. The demonstrated capability to efficiently acquire complex
manipulation skills in unstructured settings addresses key requirements in real-world
applications such as small-batch manufacturing or open-world scenarios, where
robots must rapidly and safely acquire skills or generalise to novel objects, tasks,
and environments using readily available data. Furthermore, this thesis highlights
the effectiveness of generative modelling as a component of model-based decision-
making, offering tools for both learning dynamics models and guiding optimisation
in robotic systems by leveraging readily collected data. Lastly, the successful sim-to-
real transfer achieved across multiple frameworks presented in this thesis provides

practical pathways for deploying these techniques in real-world environments.

10.3 Final Remarks

This thesis represents a significant step toward safe, efficient, adaptive, and gener-
alisable robotic systems that can operate effectively in contact-rich manipulation
tasks in unstructured settings. By demonstrating principled ways to unify planning
and learning that leverage the strengths of both paradigms, this thesis contributes

to the broader goal of developing capable and practical robotic systems in the
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real world. Moreover, enhancing model-based approaches with generative models
offers further potential to improve these methods, such as by improving dynamics
modelling or serving as action samplers for more efficient trajectory optimisation.
The real-world experiments conducted in this thesis provide compelling evidence for
the practical potential of unified planning and learning. Although achieving robust
performance in semi-structured, unstructured environments remains a challenge, this
thesis demonstrates that combining the strengths of planning and learning enables
meaningful progress toward this goal. The proposed frameworks establish a strong
foundation for future developments that will continue to advance the capabilities
of robotic systems in real-world applications. Looking ahead, the unification of
planning and learning presented in this thesis represents an important step toward

more adaptive, generalisable, efficient, and capable robotic systems.
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