
Generative and predictive models for

robust manipulation

Ermano Arruda

School of Computer Science

University of Birmingham

A thesis submitted to The University of Birmingham for the degree of

Doctor of Philosophy

November 2019



Declaration

I hereby declare that except where specific reference is made to the work of others, the

contents of this dissertation are original and have not been submitted in whole or in part

for consideration for any other degree or qualification in this, or any other university. This

dissertation is my own work and contains nothing which is the outcome of work done in

collaboration with others, except as specified in the text and Acknowledgements. This

dissertation contains fewer than 50,000 words including appendices, bibliography, footnotes,

tables and equations and has fewer than 150 figures.

Ermano Arruda

November 2019



Acknowledgements

First of all, I would like to deeply thank my supervisor Jeremy Wyatt for being a source of

great inspiration and invaluable advice throughout the conduction of my PhD. His encourage-

ment and support made this thesis possible. I will miss our weekly discussions and Jeremy’s

contagious energy dearly.

I am also very grateful for the helpful discussions and technical knowledge passed onto

me by my former co-supervisor Marek Kopicki, from whom I have learnt greatly.

I am truly grateful to Mohan Sridharan for his advice and guidance in the final steps of

my thesis, his final pushes were fundamental for the completion of my PhD.

I would also like to thank various colleagues and friends for the great collaborative

support and discussions. I thank Michael Mathew as a great friend and collaborator with

whom I enjoyed many discussions and joint work in the lab. Special thanks to Maxime

Adjigble who helped me uncountable times providing technical advice and help on setting up

the robots. I would also like to thank Saif Sidhik for his friendship and advice, his knowledge

in electronics and CAD modelling helped me considerably. Akinobu Hayashi who gave me

the chance to do an internship in Germany in a subject related to my PhD, our discussions

were always insightful and useful.

I am deeply grateful to Diar Karim, who became the brother I never had. His personal

and academic advice have been unforgettable teachings for me.

Special thanks to all the dear friends I made. I thank Tom Wyatt and Lander Ellis, my

dearest friends with whom I shared so many happy moments even before my PhD. My dear



iv

friend Cristina for the great company and friendship. My kindest thanks to Ilaria Bernardi

for her musical spirit and precious friendship. I thank Giulia Covarino for her kindness and

friendship, and also for teaching me Italian (grazie mille!). Gianluca Bortoletto and Jade Siu

for being such caring friends. Jota Carlo, for being such a cheerful friend. Also big thanks to

Afif Batal, Andrea Mazzeo and Rebecca Azpiri for our inspirational jam sessions, music has

always pushed me forward even in difficult times. I thank my friends Riccardo Di Guida,

Elena Renella, Christos Paterakis for making my first years such a memorable time. My

deepest gratitude for everyone I met and crossed paths throughout my PhD.

Above all, I dedicate this thesis to my dear mother, father and my sister. It has been a

long journey and I miss you all dearly.



Abstract

Probabilistic modelling of manipulation skills, perception and uncertainty pose many chal-

lenges at different stages of a typical robot manipulation pipeline. This thesis is about

devising algorithms and strategies for improving robustness in object manipulation skills

acquired from demonstration and derived from learnt physical models in non-prehensile tasks

such as pushing. Manipulation skills can be made robust in different ways: first by improving

time performance for grasp synthesis, second by employing active perceptual strategies

that exploit generated grasp action hypothesis to more efficiently gather task-relevant in-

formation for grasp generation, and finally via exploiting predictive uncertainty in learnt

physical models. Hence, robust manipulation skills emerge from the interplay of a triad of

capabilities: generative modelling for action synthesis, active perception, and finally learning

and exploiting uncertainty in physical interactions. This thesis addresses these problems by

• Showing how parametric models for approximating multimodal distributions can be

used as a computationally faster method for generative grasp synthesis.

• Exploiting generative methods for dexterous grasp synthesis and investigating how

active vision strategies can be applied to improve grasp execution safety, success rate,

and utilise fewer camera views of an object for grasp generation.

• Outlining methods to model and exploit predictive uncertainty from learnt forward

models to achieve robust, uncertainty-averse non-prehensile manipulation, such as

push manipulation.



vi

In particular, the thesis: (i) presents a framework for generative grasp synthesis with applica-

tions for real-time grasp synthesis suitable for multi-fingered robot hands; (ii) describes a

sensorisation method for under-actuated hands, such as the Pisa/IIT SoftHand, which allows

us to deploy the aforementioned grasp synthesis framework to this type of robotic hand; (iii)

provides an active vision approach for view selection that makes use of generative grasp

synthesis methods to perform perceptual predictions in order to leverage grasp performance,

taking into account grasp execution safety and contact information; and (iv) finally, going

beyond prehensile skills, provides an approach to model and exploit predictive uncertainty

from learnt physics applied to push manipulation. Experimental results are presented in

simulation and on real robot platforms to validate the proposed methods.
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Chapter 1

Introduction

In this chapter we present the motivation of this research via an intuitive example (Section 1.1).

We then proceed to outline the contributions of this thesis (Section 1.2), followed by a

description of the work scenarios explored throughout the development of this research

(Section 1.3). Finally, we provide a roadmap for the remainder of this thesis (Section 1.4).

1.1 Motivation

Bob is sitting at his desk, he wants to drink his tea. In a fraction of a second, he pictures

in his head that he could try to grab it by one of the sides, provided the mug is not too hot.

Is it too hot? He wonders. Which side is the handle? Slightly uncertain, his eyes almost

automatically quickly take a glimpse and �nd that the tip of the handle is on the opposite

side, towards the window in front of his desk. Perhaps best to grasp it by the handle, he

almost subconsciously concludes, that will avoid spilling it over his papers on the desk. He

knows he may be clumsy sometimes. He needs to push the mug, rotating and quickly poking

it so as to make its handle within his reach. He applies controlled pushes and pictures a good

way to pick it up. He double checks with one �nal quick look - no obstacles in sight. He
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�nally moves his arm to grasp his tea mug. He takes a calm sip while watching the trees

being blown by the wind outside. It is a sunny day.

This chain of events happened to Bob in a totally effortless way , it took him less than

a second to perform this combined sequence of perceptual and manipulation actions. He

imagined various actions to grasp the mug. His visual perceptual system was guided by these

grasp hypotheses, looking for the information to make them possible to be executed, while

reducing the chances of accidents. He took into account uncertainty in his actions too, not

knowing if it was hot, getting his �ngers burned could lead to an expected re�ex motion that

he would like to avoid, he did not want to spill his drink because of that. He pictured other

ways of grasping, pushed the object carefully taking that into account, perhaps touching the

parts of the mug that he was certain not to be too hot. Finally, he was able to pick it up.

No doubt, drinking a good cup of tea can be a very elegantly orchestrated manipulation

task by our brain. In a short amount of time, our central nervous system is able to collaborate

with our visual, sensor and motor cortex, actively taking into account and processing many

factors to perform a myriad of sensorimotor tasks. It is clear that robots still have much to

learn from us.

Endowing robots with these same capabilities requires much more effort. In this thesis

we will perform a few steps towards solving these problems. To this end, we will make

contributions while exploring probabilistic modelling of manipulation skills, active perception

and uncertainty for manipulation. In the process of doing so, we will tackle many challenges

at different stages of a typical robot manipulation pipeline, ranging from learning such skills

and employing appropriate perception for prehensile (grasping) tasks to learning motion

models for non-prehensile manipulation skills under uncertainty, such as pushing.

This thesis is about devising strategies for robustifying object manipulation skills acquired

from demonstration and via exploiting learnt physical models in combination with stochastic
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optimal control. In particular, we shall focus onprehensileand non-prehensileobject

manipulation capabilities, which are instantiated in the contexts of grasping and pushing.

The abilities of imaginingwhat to doand predictingwhat can happento objects are crucial

for a robot, because it can then use such hypotheses and predictions to better accomplish

a manipulation task in at least two ways. First, imaginingwhat to doprovides multiple

solutions and cues on how to actively seek for the perceptual information necessary for a

given task. Second, predictingwhat can happento an object given motor actions provides

cues on how to better act, especially when taking into account uncertainty regarding action

outcomes.

These ideas draw inspiration in gathered evidence from cognitive science suggesting

that the central nervous system (CNS) predicts the consequences of motor actions in close

connection with predictions of perceptual feedback [Miall and Wolpert, 1996; Wolpert and

Flanagan, 2001]. Not only that, but our brain also engages in episodic future thinking

[Atance and O'Neill, 2001], which serves for various functions such as decision making and

spatial navigation. Hence, we are able to self project ourselves to situations that have not yet

happened, thus helping in attaining future goals. Ultimately, perception and action are driven

by underlying cognitive mechanisms that allow prediction of action consequences in the

form of forward dynamic models, as well as the ability to imagine situations that help gather

contextual visual and structural information to attain a desired goal. In this way, someone can

imagine how to pick up a given object before effectively reaching out to grasp it. Similarly,

an experienced dart thrower is able to predict the future state of the dart and modify their

throwing action so as to hit the target.

From the interplay between generative and predictive models, we can endow an agent

with imagination and foresight, thus enabling the crafting of active perceptual strategies and

robust action execution capabilities. Indeed, vision is not a passive skill in the biological

world. The human visual system, for instance, is constantly focusing and �xating on certain
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points of the scene to acquire the information needed for the current task viasaccadic

movements[Findlay and Gilchrist, 2003]. We argue that an embodied agent such as a robot

may likewise mimic such task directed perceptual strategies so as to assist with an underlying

manipulation to be performed. Thus, active vision strategies can be employed to positively

impact the performance of manipulation tasks, and in particular to positively in�uence contact

information acquisition, grasp performance and execution safety. Finally, going beyond

prehensile manipulation skills, the �nal challenge is how to actively exploit knowledge from

learnt physical models. Concretely, we are not only interested in exploiting what is known to

an agent, but also taking into account its predictive uncertainty regarding state and action

outcomes. Taking into account uncertainty for planning and control is an important factor for

achieving robust task execution. In this context, we shall see that it is possible to achieve

robust non-prehensile manipulation by harnessing predictive uncertainty, provided with an

appropriate combination of uncertainty-calibrated forward models and choice of control

strategy.

Together, these components pose many challenges in all stages of a typical robot manipu-

lation pipeline. These challenges are:

i) modelling of generative models for grasp synthesis,

ii) devising active perception strategies that make use of such generative models to estimate

future perceptual measurements, and �nally

iii) the de�nition of uncertainty-calibrated forward models for task execution in harmony

with suitable control strategies for non-prehensile manipulation.

In this thesis, we will therefore see robust manipulation as collaborative interplay between

a triad of capabilities, as depicted in Fig. 1.1. First, we will investigate how generative models

for grasp synthesis play the role of a mechanism for imagination, and how we can improve

such models to be computationally faster. In turn, such mechanism allows active vision to
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Fig. 1.1 The robust manipulation triad.

take place by reasoning over the future utility gains for achieving generated grasp hypotheses.

At last, we shall explore non-prehensile manipulation, in which we will investigate how to

exploit uncertainty-calibrated learnt forward models in order to achieve robust pushing.

The remainder of this introductory chapter describes the contributions made in this thesis,

accompanied by a list of respective publications. We then describe the domain of testing for

the results described in later chapters. Finally, we provide a roadmap describing the structure

of this thesis.

1.2 Contributions of this thesis

Research in generative models for grasp synthesis is surprisingly limited. On top of generative

techniques for grasp synthesis, active perception strategies can be devised to aid manipulation

performance. In turn, research in active perception strategies for manipulation is also limited.

Finally, going beyond grasping, taking into account predictive uncertainty in learnt forward
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models in non-prehensile manipulation skills is still poorly explored. This research has

contributed on those fronts by:

Parametric generative models for grasp synthesis:Presenting extensions to current grasp

synthesis methods considering parametric models for learning multimodal probability

densities from human demonstration. We show that parametric models for grasp

synthesis are computationally faster and indicate better success rate performance

with potential applications for real-time grasp generation. We make available a frame-

work for generative grasp synthesis. These contributions will be covered byChapter 5.

Associated publication: E. Arruda, C. Zito, M. Sridharan, M. Kopicki, J. L.

Wyatt (2019).Generative grasp synthesis from demonstration using parametric

mixtures. Workshop on task-Informed Grasping (TIG-II): From Perception to

Physical Interaction, Robotics: Science and Systems (RSS).

Active perception for dexterous grasping: Outlining an active vision approach for view

selection in order to leverage grasp performance taking into account grasp execution

safety and grasp contact information. The approach consists of a task orientated

next-best-view planner that seeks to improve contact information and maximise grasp

execution safety in terms of collision probability. We also describe an information

theoretic view acquisition utility function when no grasps were found due to lack of

object geometric information. The developed active vision method improves grasp

success rate when compared to a random view selection strategy, while using fewer

camera views for grasp planning when compared to a full object reconstruction. It

shows comparable grasp success rate performance when compared to a full recon-

struction of the object, but using fewer camera views. This work will be discussed in
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Chapter 6.

Associated publication:E. Arruda, J. L. Wyatt and M. Kopicki (2016).Active

vision for dexterous grasping of novel objects. In proceedings IEEE/RSJ Inter-

national Conference on Intelligent Robots and Systems (IROS), pp. 2881–2888.

Harnessing predictive uncertainty for robust object pushing: Going beyond prehensile

manipulation by proposing that the execution of sensory motor policies can bene�t

from incorporating predictive uncertainty into the control pipeline. Hence, allowing

robust manipulation to take place. We have shown that it is possible to incorporate

uncertainty in learnt forward models for non-prehensile manipulation and how to

integrate such models in order to obtain uncertainty averse pushing behaviour. In this

work, an agent is able to robustly push an object to a target position whilst avoiding

regions of high predictive uncertainty in the learnt dynamics. This work will be covered

by Chapter 7.

Associated publication:E. Arruda, M. J. Mathew, M. Kopicki, M. Mistry, M.

Azad, and J. L. Wyatt (2017).Uncertainty averse pushing with model predictive

path integral control. In IEEE-RAS 17th International Conference on Humanoid

Robotics (Humanoids), pages 497–502.

1.3 Working scenarios

This section presents the robot platforms and overall infrastructure utilised to develop and

test the algorithms developed in this thesis.
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Fig. 1.2 The Boris manipulation platform with a set of graspable objects. It consists of
two Kuka LWR arms, each arm has 7-DoF. The right arm is equipped with a DLR/HIT
Hand II, a �ve-�ngered, fully actuated hand with 20 DoF. The left arm is equipped with an
under-actuated Pisa/IIT SoftHand with a single degree of synergetic actuation (1 DoA), but
de facto having 19 DoF consisting of passive joints that comply to grasped object geometric
shape. The platform is also equipped with three RGBD sensors (Primesense Carmine 1.09),
two of these sensors are mounted on each of Boris' wrist, and the third is mounted on its
chest.

1.3.1 Grasping scenario

A validation of the approaches described inChapter 5 were performed using the left arm of

the Boris Platform and the Pisa/IIT SoftHand depicted in Fig 1.2. Validation also took place

using the Kinova platorm with a 3-�nger gripper KG-3 depicted in Fig 1.3.

The active vision approach for dexterous grasping discussed inChapter 6 has been

developed and evaluated using the right arm of the Boris platform. The setup is depicted in

Fig 1.2.
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