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Zusammenfassung

In dieser Dissertation werden Ansédtze zum FErlernen von Objektmanipulations-
fahigkeiten durch Roboter unter Ausnutzung von Synergien zwischen verschiedenen
Sensormodalitdten und physikalischen GesetzméBigkeiten entwickelt. Beim Trainieren
von kiinstlichen neuronalen Netzen in simulierten Umgebungen koénnen durch Er-
weiterung der Robotersteuerung um Vorhersage von Kontaktkréiften und -punkten
lokale Minima iiberwunden werden. Hierdurch kénnen gewisse Manipulationsauf-
gaben, fiir die konventionelle bestdrkende Lernverfahren auf zufilliges Ausprobieren
zuriickgreifen miussten, direkt als einstufige Ausgleichsprobleme gel6st werden. Fiir
multimodales Lernen in der echten Welt werden neuartige taktile Matrixsensoren
entwickelt. Diese konnen in dreidimensional gew6lbten Formen und komplett aus
hochelastischen Materialien gefertigt werden. Auf Basis dieser Sensoren werden taktile
Sensorhandschuhe hergestellt. Es werden Verfahren entwickelt, durch welche Roboter
Objektmanipulationsaufgaben aus wenigen Demonstrationen mit menschlichen Hén-
den lernen koénnen. Aus den Datenaufzeichnungen werden dreidimensionale mul-
timodale Rekonstruktionen berechnet. Diese werden zum Trainieren kinstlicher
neuronaler Netze verwendet. Durch Einbeziehung taktiler Messwerte konnen nicht
nur Bewegungen sondern auch Kontaktkréfte direkt aus Demonstrationsdaten gelernt
werden. Zur Anpassung an neue Situationen mit verdnderten Objektanordnungen
wird der Lernvorgang teilweise als Entrauschproblem formuliert. Objektinteraktion
wird ebenfalls aus den Datenaufzeichnungen gelernt. Durch {iberspezifizierte mul-
timodale Vorhersage und physikalische Konsistenzbedingungen zur Laufzeit kénnen
Entrauschproblem und Objektdynamik zu einem einstufigen tiberwachten Lernprob-
lem zusammengefasst werden. Zum gemeinsamen Anlernen und Ausfiithren wird eine
integrierte Roboterarbeitszelle entwickelt. Diese ist mit zwei Endeffektoren und einem
Multikamerasystem ausgestattet. Gelernte Objektmanipulationsfahigkeiten werden
auf humanoiden Hand-Arm-Systemen sowie dem neu entwickelten Roboter erfolgreich
ausgefiihrt.



Abstract

This dissertation presents approaches for robot learning of object manipulation tasks
using synergies between multiple sensor modalities and physical laws. When training
artificial neural networks in simulated environments, generating contact point and con-
tact force predictions in addition to robot commands can help overcome local minima.
This allows some manipulation tasks, for which conventional reinforcement learning
algorithms would have to rely on exploration through random trial and error, to be
solved directly through gradient-based optimization. In order to facilitate multimodal
robot learning and teaching in the real world, novel tactile matrix sensors are devel-
oped. These can be made in three-dimensional multi-curved shapes and produced
completely from highly stretchable materials. The sensors are integrated into sen-
sor gloves. Methods are developed for teaching robots through small numbers of
real-world demonstrations with human hands. Data recordings are pre-processed into
three-dimensional multimodal reconstructions. These are used to train artificial neu-
ral networks. Integration of tactile measurements enables teaching not only motions
but also forces through demonstration. Adaptation to new situations with previously
unseen object arrangements is modeled as a denoising problem. Human demonstra-
tion data is also used to learn object dynamics. Through overspecified multimodal
predictions and physical consistency constraints at runtime, denoising and object dy-
namics can be combined into a single-level supervised learning problem. An integrated
workcell is developed that supports both teaching and robot execution. The system
is equipped with two end-effectors and a multi-camera system. Learned behaviors
are successfully executed on the newly developed robot and on humanoid hand-arm
systems.



Contents

1 Introduction 1
1.1 Research questions . . . . . ... .. . .. L 2
1.2 Thesis structure . . . . . . . . . L L 3

2 Contact-based neural policy optimization in simulation 4
2.1 Related Work . . . . . .. .. L )
2.2 OVerview . . . . ... e e 6
2.3 Task definitions . . . . . . . . . .. ... 7
2.4 Differentiable physics engine . . . . . . .. ... oL oo 8
2.5 Learning with smooth contacts . . . . ... .. ... ... ... ... 8
2.6 Contact-based policy optimization . . . . . ... .. ... ... .. ... 9
2.7 Physical consistency loss . . . . . ... Lo oL 10
2.8 Manipulation experiments . . . . . . ... Lo Lo 11
2.9 Training methods . . . . . . . ... L Lo 13

3 Automatic linearization for robot learning and control 15
3.1 Related work . . . . . . . ... 15
3.2 Methods . . . . . . . . 16

3.2.1 Linearization programs . . . . . . . . .. ... 16
3.2.2 Forward gradient programs . . . . . .. .. ... 16
3.2.3 Reverse gradient programs . . . . . . ... ... 16
3.2.4  Accumulation programs . . . . . . ... Lo 16
3.2.5  Program simplification . . . . . ... ... oo 17
3.2.6 Operators and linearizations . . . . . . . .. .. ... ... .... 17
3.3 Validation . . . . . . . .. L 19

4 Tactile sensor skin 20
4.1 Related work . . . . .. ..o 20
4.2 Preliminary experiments . . . . . . . . . ... oo 21

4.2.1 Fabric-based glove and object instrumentation . . . .. ... .. 21
4.2.2 Fabric-based tactile sensors . . . . . ... ... ... .. 22
4.2.3 Robot fingertips . . . . . ... o 22
4.3 Foil-based tactile matrix sensors . . . . . .. ... 23
4.3.1 Crosstalk compensation . . . .. .. ... ... ... ... 25



4.3.2 Characterization . . . . . . .. .. ... oL
4.3.3 Integration . . . ... .. . ..
4.4 Double-curved tactile sensor matrices . . . . . .. ... ..o
4.5 Elastic tactile sensor skin . . . . . .. ... Lo oL
4.5.1 Feasibility study . . .. ... ... oo
4.5.2 Silicone materials . . . . . ... 0oL
4.5.3 Dielectric structures . . . . .. ..o oL
4.5.4 Computer-aided design and toolpath generation. . . . . . .. ..
4.5.5 Sensorreadout . . . . . ... ...
4.5.6 Experiments . . . . .. .. ...
4.6 Wearable multimodal fingertip . . . .. ... ... ... ... ...
4.7 Wearable finger sleeve . . . . . . . ... L oo
4.8 FElastic tactile teaching glove . . . . . . .. .. ... oL
4.8.1 Design . . . . ..o
4.8.2 Assembly . . ...
4.8.3 Readout module . . ... ... .. ...
4.8.4 Experiments . . . . .. ... o e
Multimodal demonstration capture
5.1 Related work . . . . . . ... ...
5.2  Low-cost visuo-tactile data recording . . . . . . . .. ...
5.3 Robust marker-based trajectory reconstruction . . ... .. .. ... ..
5.4 Multimodal sensor system . . . . . .. ...
5.5 Multicamera calibration . . . . . .. ... .. o oo
5.6 Markerless vision . . . . .. ... L
5.7 Tactile projection . . . . . . ... L
5.8 Experiments. . . . . . . ..o
Teachable robot workcell
6.1 Related work . . . . . .. ...
6.2 Robotdesign . . ... ... ...
6.3 Experiments. . . . . . .. . ... e
Teaching dexterous manipulation by human demonstration
7.1 Related Work . . . . . . . . oL
7.2 Learning methods and architectures . . . .. .. ... ... .. .....
7.2.1 Feed-forward architecture . . . . .. .. ... .. ... ......
7.2.2 Denoising . . . . . ... o
7.2.3 Position representation . . . . . ... Lo oo
7.2.4 Augmentation. . . . . ... L
7.2.5 Masking . . . ...
7.2.6 Recurrent architecture . . . . . . ... ... oL
7.2.7 Recurrent training . . . . ... ..o
7.2.8 Recurrent denoising . . . . .. ... oo
7.2.9 Model-based learning . . . . . ... ..o

ii

51
51
o1
92
54
56
56
o7
o8

61
62
62
65



O O w » ©

m

7.2.10 Tactile control . . . . . . . . . ... 72

7.2.11 Object dynamics . . . . . . . . . . . . L 72
7.3 Robotsetups . . . .. . . . . 72
7.3.1 Hand-arm systems . . . . . .. ... ... ... . 72
7.3.2 Pneumatic hand control . . . . . .. ... .. ... .. ... ... 73
7.4 Trajectory control . . . . .. .. ... 73
7.5 Implementation . . . . . . . .. ... 74
7.6 Experiments. . . . . . .. .. 74
7.6.1 Pick-placetask . . .. . ... o 75
7.6.2 Wipingtask . . . . . . ... Lo 75
7.6.3 Bottletask . . . . ... ... 76
7.6.4 Labbottletask . . . . ... ... o oo 76
7.6.5 Recurrent policy . . . ... ... ... 0. 77
7.6.6 Camera vision . . . ... ... L oL 78
7.6.7 Model-based learning . . . . . ... ..o 79
7.6.8 Bimanual precision assembly . . . ... ..o 0oL 80
Conclusions and outlook 85
References 86
List of figures 109
List of tables 113
Notation 114
Abbreviations 117
Publications 119

iii



1. INTRODUCTION

1. Introduction

Humans make use of multiple different sensor modalities when manipulating objects
with their hands. This includes vision for identifying and locating objects, proprio-
ception for sensing and controlling body and hand motions, and touch for regulating
contact forces and relative positioning under occlusion. These are not only measuring
redundant copies of the same state information, but can complement each other.

Before grasping an object, the shape, color, texture and pose may be observed
visually, but can not be felt haptically. While grasping it, the object may be fully
or partially occluded, but can be perceived through the tactile modality. Even if the
hand and the object can be seen, the observed positions could often correspond to an
infinite number of different forces, such as opposing grasping forces. Conversely, when
controlling only the position of a robot end-effector and moving the robot against a
hard surface or object, the resulting force can be unknown. Assuming an inelastic
rigid-body model, the same poses could correspond to any force magnitude from zero
to infinity. If a robot with non-zero finite stiffness would perfectly imitate the shape of
a human hand’s skin while attempting to grasp an object from above under impedance
control, the mechanical force could be zero and the grasp could fail even if the robot
is perfectly replicating the human hand pose for exactly the same object pose.

Likewise, known forces do not imply known positions. When sensing no contact
force, the manipulator could be almost touching the object or be far away. For non-
zero contact forces, the object could often still be in an infinite number of different
poses. When controlling forces without considering positions, the position could be
undefined or subject to ever increasing drift.

In simple cases, it can be tempting to overlook such questions. When picking an
object with a two-finger gripper or a humanoid power grasp, one could simply set the
robot to position control, deliberately miscalibrate the robot with small position biases
and scaling factors to push into the object during grasping and hope for a finite control
stiffness to generate a suitable grasping force. However, these hardcoded parameters
would be task-dependent and not necessarily be suitable for other tasks, objects and
robots. For dexterous manipulation beyond grasping, such approaches can generally
be assumed to fail. If a finger is not only applying force along a single direction,
even a perfectly tuned position offset for one grasp can be unsuitable when a different
force is required along a different direction. Furthermore, when using a high control
stiffness for accurate position control, small position errors could always lead to high
force errors.

Multimodality can also be of fundamental importance during the learning process
itself. When already close to or touching an object, current learning methods, such as
deep reinforcement learning or gradient-based policy optimization with differentiable
physics, can quickly explore the object’s response to small incremental motions. How-



1. INTRODUCTION

ever, if the object is placed further away from the hand, it does not react to small
hand motions. Moreover, if the desired direction of motion for the object is close to
the direction towards the hand, most, and initially all, contact events during random
exploration would push the object away from the hand, and it would be reasonable for
a unimodal agent to deduce that touching an object would be counter-productive for
grasping it.

The complimentary nature of the different sensor modalities involved in human
object manipulation abilities, especially vision, proprioception and touch, suggests
that multimodality could be of central importance for robot learning of dexterous
manipulation tasks.

1.1. Research questions

1. Learning for object manipulation can be difficult, even in simulations where com-
plete mathematical descriptions of environments and task goals already exist.
Could giving an artificial neural network additional senses to access or manipu-
late the inner workings of a simulator it inhabits simplify learning?

2. If the simulator already stores all relevent information, it should be possible to
treat the entire learning and simulation problem as a single optimization. How
should the problem be formulated and how should it be solved?

3. Humans may want to delegate repetitive work to robots. However, program-
ming simulators requires different skills than most physical manipulation tasks.
Some applications could therefore benefit from minimizing differences between
robot programming and working with human hands directly. Could working
with human hands be used as a multimodal programming language for robots?

4. Conditions such as initial object poses may not always be the same during teach-
ing and execution. How could behavior learned from few demonstrations be
generalized to new situations?

5. Hands and grippers interact with objects through contact forces. Would it be
possible to teach not only motions but also contact forces with human hands?

6. Teaching contact forces may require sensors around human hands while inter-
ference with human dexterity should be minimized. Soft skin-like rubber gloves
might be ideal. Could thin tactile matrix sensors be created in organic multi-
curved shapes? Could the sensors, electrodes and conductors be entirely made
from rubber-like stretchable materials?

7. Hardware setup for robotic manipulation can require significant time and effort.
Could facilities for teaching and robot execution be integrated into a single self-
contained desktop device?
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1.2. Thesis structure

Learning for robotic manipulation is first investigated in simulation (chapter 2). Ini-
tial experiments with differential physics examine opportunities and challenges of us-
ing traditional policy gradients. In order to address the observed shortcomings, a
new contact-based multi-modal learning method is developed. The work also reveals
opportunities to further simplify the computations, which are addressed through the
development of a suitable automatic differentiation framework (chapter 3). Chapter 4
investigates tactile sensing for real-world multimodal learning and develops double-
curved sensor matrices, a new type of highly stretchable sensor skin and sensor gloves
for teaching by demonstration. These are combined with multi-camera systems and
the data is processed to obtain multi-modal reconstructions of human demonstra-
tions (chapter 5). Facilities for teaching and robot execution are combined into a
single workeell (chapter 6). A multimodal learning framework for teaching by human
demonstration is developed (chapter 7) and combined with components from previous
chapters. The system is tested in multiple different robot experiments.
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2. Contact-based neural policy
optimization in simulation

When searching for robot behavior automatically to solve manipulation tasks, contact
dynamics can introduce additional local minima and plateaus. Before touching an
object, the object may not respond to small exploratory robot motions at all. Even
when touching an object, the robot may only be able to push the object along specific
directions, which might not include any of the desired responses.

This can even be the case for seemingly easy problems such as grasping. A cube-
shaped object is placed on a table and a robot should grasp and lift the object. A
reward function measures the distance towards a goal pose, rewarding the agent if
the position and orientation approach the goal and further punishing the agent if the
object is moved or turned away from it. Close to the start state, small robot motions
would not result in any object motions or changes in the reward function. Most
larger robot motions would likely push the object away from the desired goal position
or goal orientation. If the reward function would only consider positions but ignore
orientations, a larger random motion could eventually flip the object, thus moving the
center of the object upwards, and generate a reward. However, if the reward function
considers both position and orientation, such cases may also lead to decreased reward.

Autonomous policy search can, however, be surprisingly successful for favorably
designed tasks. If the robot already touches an object, even small hand and finger
motions can immediately move the object. In some cases, when learning in simulation,
and if even infinitesimally small robot motions can lead to increased rewards, random
exploration may not even be necessary at all and the learning problem can be solved
directly through gradient-based optimization with differentiable physics.

In other cases, it may be possible to accelerate the learning through human demon-
stration, curriculum learning or reward shaping. A human programmer develops a set
of instructions, encoded as additional rewards or punishments, that guide the agent
towards solving the task. However, the programmer then has to dictate a correct ap-
proach instead of letting the learning algorithm find the solution. If a human wants to
teach a task by demonstration, it may be preferable for the human teacher to simply
demonstrate the desired behavior with their own hands in the real world and let the
robot learn the task completely from real-world demonstration data (see chapter 7).
In turn, if a human programs a simulator and a reward function for autonomous pol-
icy discovery, programming of shaped rewards or curricula, or recording of additional
demonstration data, may be redundant. It may even be counter-productive, if the
motivation is to let the computer find a solution autonomously, or if the redundant
specification introduces contradictions. In both cases, a human programmer or teacher
would essentially have to specify the task twice. Instead, given a simulator and a re-
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ward function, it should be possible to compute a solution directly from the model
itself and general physically-based abstractions.

Contact response can be notoriously hard to simulate. Instead of naively computing
contact forces from positions and then integrating the forces, state-of-the-art physics
engines typically solve contact response as optimization problems. Some formulations
introduce additional slack variables for contact forces or impulses. Similar approaches
can also be used for motion planning. Instead of only solving for a sequence of robot
poses, additional contact variables are introduced, which allow the planner to explic-
itly reason about contact states and find motion plans for contact-rich tasks while
overcoming local minima, plateaus and discontinuities.

It would be desirable to use similar approaches for accelerating robot learning. How-
ever, in contrast to motion planning or optimizing a single trajectory, learned behavior
should adapt to observations. This can, for example, include object positions or initial
robot states, or sensor data encoding such information. During training, the conditions
would typically be randomized. This implies that the values of the contact variables
would also have to be different during each training step. When optimizing contact in-
formation as free variables together with the policy, previous solutions for the contact
variables would always immediately be invalidated by different randomized conditions
during the next training step.

2.1. Related Work

A large number of works apply reinforcement learning to robotics-inspired scenar-
ios [210, 142, 211, 151, 39, 116]. The training is often performed in simulation, which
can be faster, cheaper and safer than autonomous learning on a real robot. During
reinforcement learning in simulation, the robot interacts with a virtual environment
and, by learning from experience and through exploration by trial and error, should
maximize a reward function. Such approaches have been especially successful in cases
where meaningful rewards are available immediately. A policy for steering a simulated
car along a road can be learned by applying continuously increasing punishments the
further the car is away from the center of the road and certain grasping problems can
be learned by gradually luring a robot towards a specific object and then towards a tar-
get with continuously increasing hardcoded rewards [210]. If a cube is placed inside a
robot hand with the palm facing upwards, such that a single finger, wrist or thumb mo-
tion can easily affect the orientation of the cube, it is possible to automatically explore
these interactions and train an artificial neural network to turn the cube. However,
the experiment required 50 hours of training time on 6144 CPU cores and 8 GPUs,
corresponding to more than 100 years of simulated experience [142]. The approach
could be extended by programming a simulated environment that gradually increases
task difficulty and through further parallelization. On a cluster of 12800 CPU cores,
a similar cube reorientation task could be learned in approximately one day. After
retraining for several months on 29440 CPU cores, the system could also learn mo-
tions to turn the top-facing side of a Rubik’s Cube when triggered by a hard-coded
higher-level policy [211].
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State-of-the-art physics engines typically solve contact dynamics as constrained op-
timization problems, which can, in some but not all formulations, involve solving for
forces or impulses at contacts and joints [132, 16, 184, 212]. Some motion planning
methods solve for contact variables across multiple time steps in addition to motion
trajectories [129, 128, 185]. These can be applied to find physically plausible solutions
to robotic manipulation problems [128, 185]. In physics simulation, the contacts are
typically determined by a separate collision detection step [132, 16, 212, 64]. The col-
lision response solver may only have to solve for one modality, such as positions [132,
16] or impulses [212]. Contact-based motion planning can involve solving for contact
points, contact forces and motions simultaneously [16, 185].

In some cases, a need for random exploration during robot control or learning can
be avoided or reduced through differentiable physics. Gradient information can be
propagated directly through the physics simulator by extending the simulation engine
itself or through automatic differentiation [184, 162, 7, 197, 150, 93, 3, 86, 32, 31,
77, 11, 84, 85, 213, 214]. Gradient information can be used during learning through
direct policy optimization, solving the entire learning problem as a single optimization
problem, which can be especially prone to suffer from local minima, or by integrating
analytical gradients into existing reinforcement learning algorithms [214].

Main themes of this thesis might in part also be reminiscent of the transition to
physically-based rendering in 3D graphics. Mathematically simple but physically in-
correct shading equations [68, 149] can be replaced using physical attributes such as
conductivity and roughness, surface structure and physical laws including conservation
of energy. While originally intractable, the behavior can be estimated using closed-form
approximations [40, 78]. Tone mapping [2] and linear gamma [71] allows simulating
color perception via light energy. Al raytracing estimates illumination by interpolating
between small numbers of physically correct but computationally expensive samples
using artificial neural networks [12, 182].

2.2. Overview

This chapter proposes to solve robot learning problems with contact dynamics in a sin-
gle optimization by learning contact variables together with robot control. An artificial
neural network is trained to generate not only robot commands but also contact points
and contact forces. The learning process simultaneously optimizes the network weights
for task goals and physical consistency. Instead of having to treat the environment
and underlying physics as a black box, the neural network can essentially tap directly
into the physics engine. This can allow for immediate learning progress even before
touching an object. The learning problem is solved directly through gradient-based
policy optimization.

A first preliminary experiment investigates the efficacy of traditional differentiable
physics or simply propagating control gradients through a simulator. Simply replacing
a hard contact condition with a smooth falloff enables efficient solutions to a two-
fingered toy problem but fails for dexterous manipulation with a multi-fingered robot
hand. In order to overcome the observed shortcomings, a different approach is intro-
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duced, which treats contact points and contact forces as additional control variables.
Contact variables are connected to a neural policy network, which also controls the
robot joints. The methods are validated in multiple dexterous manipulation scenarios
and different solution methods to the policy optimization problem are compared.

2.3. Task definitions

The methods presented in this chapter are studied in the context of 8 different manip-
ulation tasks and three different robot setups (see figure 2.1 and table 2.1).

Figure 2.1.: Shadow C6 hand with a cube-shaped object (left), cylinderical object with
two cylindrical fingers (right).

Task  Object Goal Robot Joints DoF
1 Cube Turn Two fingers 4 4
2 Cylinder Turn Two fingers 4 4
3 Cube Lift URS5 arm + Shadow C6 hand 30 26
4 Cube Push horizontally URS5 arm 4+ Shadow C6 hand 30 26
5 Cube Turn horizontally Shadow C6 hand 24 20
6 Cube Flip backwards Shadow C6 hand 24 20
7 Cube Flip left Shadow C6 hand 24 20
8 Cylinder Turn horizontally Shadow C6 hand, fixed 24 20

Table 2.1.: Overview of manipulation tasks investigated in this chapter.

Each task is defined by a loss function Ly (negative reward). This task loss integrates
motions from start state to termination state as a 6D vector. For the lifting and
pushing tasks, the task loss is defined as the distance between object pose during
the termination state and a goal pose. For the turning tasks, the squared difference
between average angular velocity and an angular goal velocity is computed. In tasks 1
to 7, the objects can move freely. During task 8, the cylinder is mounted on a vertical
revolute joint and the task loss additionally minimizes forces and torques acting against
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the mounting joint of the object. Object positions are randomized along the horizontal
X and Y axes. The initial object positions follow a Gaussian distribution. Training
episodes run for a finite number of steps. The robots are controlled in joint space.
Proximal and distal joints on the fingers of the humanoid hand are coupled.

2.4. Differentiable physics engine

As the basis for investigations in the following sections, a differentiable physics engine is
developed. The main design goals are easy modification and experimentation, and the
ability to directly interface force computations with multimodal learning. The baseline
contact model therefore uses a force-based approach and is subsequently adapted and
replaced. Normal forces are computed from penetration depth according to material
stiffness via Hooke’s law. Tangential forces are computed by projecting relative ve-
locities at contact points and normal forces into friction cones. Forces are integrated
according to Newtonian dynamics via semi-implicit Euler integration. The shapes of
the objects and robot parts are represented as sets of primitives and convex meshes.
Collisions are detected using GJK [64] and EPA [17]. Robot, object and world models
are loaded from URDF files.

2.5. Learning with smooth contacts

A multilayer perceptron with one hidden layer and 256 hidden neurons receives ob-
ject and joint positions as input and generates joint velocity commands as output.
The policy network is trained through gradient-based policy optimization with either
stochastic gradient descent or sequential least squares and conjugate gradients (see
section 2.9). With the baseline contact model, in all 8 tasks described above, the ob-
ject simply lays on the table and no learning progress can be observed, since without
touching the object, the policy gradient is zero.

The normal force computation is modified with a smooth non-zero falloff. In the
baseline contact model, the normal force F depends linearly on positive penetration
depth, which is equal to a ramp or “ReLU” [57] function over signed distance dg.
This “ReLU” [57] function is replaced with a smooth and continuously increasing
non-zero “SoftPlus” [45] function, scaled by material stiffness Dj; and a smoothness
parameter C's. For small Cg, the modified normal force function approaches the
behavior of the baseline model.

e
Fo =Dy Csln(l+e  Cs) (2.1)

Learning the manipulation tasks defined in section 2.3 is attempted again with the
modified contact model. For tasks 1 and 2, learning converges within a few minutes
and the fingers are able to turn the object (see figure 2.2). For tasks 3 to 8, the learning
fails. Instead of approaching and manipulating the object, the hand slowly moves away.
Since the hand starts above the object (see figure 2.1), even with the smooth contact
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model, the fingers are unable to push or pull the object into the correct direction. The
smoothness term pushes the object slightly into the table, resulting in a gradient away
from the object.

(1)

Figure 2.2.: A neural policy network is trained with differentiable physics and a smooth
contact model to turn a cube using two cylindrical fingers. Different states
from the same training episode are shown with increasing time from left
to right and top to bottom (1 to 6).

2.6. Contact-based policy optimization

Contact force computation is replaced with neural predictions. The policy network
Np maps neural network weights Wp and an observation vector O, for each time step
t to an output vector consisting of joint commands My, for n joints as well as one
contact force vector Foy and two contact point candidates Poay, Pop: for each of m
pairs of collision shapes.

Np:O¢— Mjyi1...Myin, [Poati, Peser, Foirl - [Poatm: Pepem, Form] (2.2)

Each pair of contact point candidates Poa¢i, Popti is averaged to obtain a single
contact response point Pgry;.

Pcati + Pepii
Prys — CAt‘; CBt (2.3)

The dynamics model Mp maps simulation states Sp¢, robot commands M j, contact
points Pr; and contact forces F; to object and robot velocities dSp;.

Mp: Spt, Mjt1... My, [Prer, Foi1l .. [Prtm, Fotm] = dSp¢ (2.4)
Simulation states Sp; are mapped to observations O; and task loss L.

Spy = O Spy — L7y (2.5)
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Contact predictions are evaluated with respect to the current simulation state Sp;
by a physical consistency loss Lp; (section 2.7).

Sp¢, [PCAthPCBtl,FCtﬂ~~[PCAtm7PCBtm,FCtm] — Lp¢ (2.6)

The training process optimizes neural network weights to minimize both task loss
Ly (section 2.3) and physical consistency Lp; (section 2.7) over time ¢t and over
initializations S4q ... Sax with probability densities P4g ... Pay of k state variables.

r{glVin // / Lry+ Lp, dt dPAO(SAO)...dPAk(SAk) (2.7)
P

The learning problem is solved through stochastic gradient-based optimization (sec-
tion 2.9), drawing a random batch of initial states S4 for each optimization step. Time
is integrated at a uniform step size via semi-implicit Euler integration.

2.7. Physical consistency loss

Physical consistency loss Lp; evaluates contact force Fo;; and contact point Pca,pyei
predictions generated by the neural policy network for ngp pairs of object and robot
shapes. Lp; consists of a sum of squared errors.

Lp,=Lgpt+ Lppt+ Lrppt+ Lrpt + Leopt (2.8)

Each contact candidate point P4, pjes should lie within the respective collision
shape. For this purpose, the shape is approximated by np(4 p); boundary planes
defined by normal vectors N4 pi; and offsets dj4,p)i; with plane index [. The loss is
only applied outside the shape using the ramp function R.

nsp [MpPAi npPBi
Lsp: = Z <Z R(Naii- Poari+dai)*+ Z R(Ngii- Pcpri+ dBil)2> (2.9)

i=1 =1 =1

High contact forces Fr;; contradict large distances and large distances contradict
high contact forces.

nsp

Lpp: = Z”FCti ® (Pcati — Popei)|? (2.10)
im1

Each contact force vector Fgy, is further constrained by a polygonal friction cone,
consisting of ny planes with normals Np;, and offsets dr;,. The direction of the
friction cone, i.e. contact normal nc;q¢, is approximated via the separating vector
from GJK/EPA [64, 17]. Slippage is regularized according to object velocities Vea, g
at PC[A,B]~

nsp nrg
Lrpr= )Y <Z R(Npig- Fou +dFiq)2> (2.11)

i=1 \¢g=1
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nsp

Lipt = ZHFCti @ ((Vea — Vo) —ncige (ncige - Voa — Vor)))|? (2.12)
im1

Objects are prevented from intersecting by minimizing intersection depths dap;¢

along the separating axes.
nsp

Lepi =Y R(dapit)? (2.13)
=1

2.8. Manipulation experiments

The contact-based formulation is used to train neural network policies for all eight
tasks defined in section 2.3. For each task, the learning converges to a reasonable
solution (see figures 2.4 and 2.5), despite using only local gradient-based optimization.
In case of the two-fingered rotation tasks, the result is similar to that of the baseline
method. For the lifting task, after a few iterations, the policy begins to learn placing
contacts with non-zero forces on the surface of the object and to move the hand towards
the object. The contact force vectors point upwards and inwards at an approximately
45° angle (see figure 2.3). During the course of the optimization, the network learns to
form a grasp around the object, move the hand upwards, and to adapt the horizontal
position of the hand according to object position. For the cylindrical object, the policy
learns periodic turning motions with perpendicular forces (see figures 2.4 and 2.3).

Figure 2.3.: Contact forces while learning to grasp a cube (left) and turning a cylinder
(right) with a Shadow C6 hand through contact-based policy optimization.
Image [289] © 2021 IEEE
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Figure 2.4.: Learning to grasp a cube (1st and 2nd row), push a cube (3rd row) and
turn a cylindrical wheel (bottom) through contact-based direct policy op-
timization. Image [289] © 2021 IEEE
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Figure 2.5.: Learning to turn a cube around the X (top), Z (middle) and Y (bottom)
axis with a Shadow C6 hand through contact-based neural policy opti-
mization.

2.9. Training methods

The method introduced above solves deep learning and contact resolution together in
a single optimization. Artificial neural networks are commonly trained via steepest
gradient descent, implemented through backpropagation, and variations thereof [107,
102]. Constraint solvers in state-of-the-art physics engines rely on different meth-
ods, handling joint and contact resolution as linear-complementary problems [212],
linear-quadratic programs [184] or last-squares problems [132, 16]. These optimization
methods can be particularly efficient for sparse systems, which includes typical contact
resolution problems in physics engines. For deep learning problems, gradient matrices
would typically be large and densely populated, which would result in a quadratic
increase of memory use and computation time with increasing numbers of variables or
network weights.

The contact-based learning problems in this chapter are therefore proposed to be
solved via a matrix-free sequential least-squares method. At each outer iteration, the
model is linearized around the current solution. In order to avoid exploding memory
use and computation time from explicitly computed gradient matrices, the linearization
is instead created through symbolic transformation as a linearized program. A small
amount of diagonal regularization is added for stability. An inner loop then solves
each linearization approximately via conjugate gradient descent.

During the manipulation experiments reported in section 2.8, the policies are trained
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2. CONTACT-BASED NEURAL POLICY OPTIMIZATION IN SIMULATION

using the proposed optimization method. As a baseline, traditional steepest gradient
descent with backpropagation is tried as well across multiple different learning rates.
Some but slower progress can be observed for tasks 1 and 2. For the other tasks,
backpropagation fails completely to converge within similar orders of magnitude in
training time. Figure 2.6 shows training loss over time for the proposed training
method and backpropagation with multiple different learning rates for task 3. After
some initial progress, the learning appears to be stuck, in some cases even failing to
touch the object. Experiments using an SGD variant with adaptive learning rates [102]
fail as well. Small initial learning rates and slow adaptation parameters result in similar
convergence to baseline SGD [107] while higher initial learning rates and/or faster
adaptation lead to instabilities and floating-point errors, causing the optimization
process to fail.

3.5 -
— Ours
3.0¢ BP Ir=0.001
BP Ir=0.0001
2.5¢ — BPIr=0.00001 ||

Loss [RMSE]
N
o
—

15+

1.0}

05 ! ! L L ! !
0 1 2 3 4 5

Training time [min]

Figure 2.6.: Loss curves recorded while training a neural network for task 3 (sec. 2.3)
using the matrix-free sequential least-squares solver and using traditional
gradient descent with different learning rates. Image [289] © 2021 IEEE
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3. Automatic linearization for robot
learning and control

The learning methods presented in chapter 2 combine geometric robot models with
artificial neural networks directly in a single optimization. The problem is solved via
a matrix-free sequential least-squares method. An inner loop repeatedly propagates
gradients back and forth through the same linearization. State-of-the-art deep learning
frameworks with automatic differentiation miss opportunities to simplify equations in
such cases. This chapter introduces an automatic differentiation and optimization
framework that separates gradient propagation from non-linear evaluation. For each
non-linear operator, a linearization function can pre-compute linear coefficients. These
can be used to perform forward and reverse gradient propagation without having to
re-evaluate non-linearities. Additionally, data types can be automatically replaced
during gradient propagation. Absolute orientations can be represented as quaternions
or matrices while their gradients can be represented as rotation vectors.

3.1. Related work

Many problems in robotics and artificial intelligence can be handled via gradient-based
optimization. Deep learning typically derives gradient terms automatically through
backpropagation [107, 215, 146] and solves the learning problems via steepest gradient
descent [107] or variations thereof [102]. While automatic differentiation has proven
successful for training artificial neural networks, this is currently not always the case
for model-based approaches.

Physical, spatial and robot control problems can often be solved more efficiently by
exploiting local linearizations [62, 168, 165, 61, 110, 140, 212, 184, 23, 15, 170, 98,
54, 167, 160, 216]. In several state-of-the-art physics engines [212, 184, 217], gradi-
ent terms are written explicitly by human engineers. When manually constructing
gradient matrices involving spatial rotations, it is common to consider different angle
representations for values and gradients [51, 38, 23]. State-of-the-art automatic dif-
ferentiation frameworks use the same data types for values and gradients [7, 146, 215,
213]. For some control problems, it is possible to exploit sparse algebraic structure
despite dense hessians [218, 51, 26, 171]. Artificial neural networks typically exhibit
high-dimensional dense gradients. Some works propose to use approximate Gauss-
Newton or Newton methods for training artificial neural networks [20, 33, 75]. Inner
linear equations from applying the Gauss-Newton method to non-linear optimization
problems can also be approximated via iterative methods. While some iterative linear
solvers still require a gradient matrix [168], others can be implemented using only
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matrix-vector products or an equivalent linear function [28, 69, 82, 138].

Some later works begin to also address certain aspects of the above issues. A Py-
Torch [146] extension [175] adds support for orientation quaternions with 3D gradient
vectors. A recent differentiable shading language separates linearization from gradient
propagation [13].

3.2. Methods

The proposed framework first records a symbolic representation of the non-linear func-
tion using operator overloading. The problem can be specified in C++ or Python.
The recorded function is transformed into programs for linearization, forward gradient
propagation, reverse gradient propagation and gradient accumulation. The recorded
and generated programs are then simplified.

3.2.1. Linearization programs

For each non-linear operator, a linearizer can be defined. The linearization program
is constructed by finding the corresponding linearization function, if available, for
each non-linear operator, and emitting a call to the linearization function with the
arguments and return values of the non-linear function as arguments to the linearizer.
Each linearization operator can return a linearization data structure, which is passed
to the forward and reverse gradient programs. The forward and reverse gradient
programs consist of only multiply and add instructions.

3.2.2. Forward gradient programs

Each operator is mapped to a corresponding forward gradient operator. If a corre-
sponding linearizeration operator is provided, the forward gradient operator is called
with input gradients and the linearization data structure as inputs. If no linearizera-
tion operator is provided, the forward gradient operator is called with input gradients
and arguments as well as return values from the non-linear program as arguments.
Data types for values and gradients can be different.

3.2.3. Reverse gradient programs

The non-linear program is reversed and each operator is replaced with the correspond-
ing reverse gradient operator, adding gradient arguments, substituting gradient types,
and replacing value arguments with linearizers if available. If the same variable is read
multiple times, a binary tree is generated to merge reverse gradients.

3.2.4. Accumulation programs

During gradient-based optimization, gradients have to be accumulated and added to
the candidate solution, which would amount to a trivial vector addition if gradient
and value types were the same. However, if value types can be replaced with separate
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gradient types, an additional accumulation operator has to be provided. The addition
operator is overloaded for value and gradient types. For each argument of the origi-
nal non-linear function, a call to the overloaded addition operator is emitted into an
accumulation program. The accumulation program receives return values from both
the non-linear program and the reverse gradient program as arguments and returns
updated non-linear values.

3.2.5. Program simplification

The generated programs are finally simplified by pre-computing constant expressions,
identifying and skipping redundant move instructions, detecting and eliminating du-
plicate constants with equal values, compressing constants with the value zero through
special zero operators, and removing unused constants and instructions. Memory is
allocated statically and defragmented.

3.2.6. Operators and linearizations

A library of operators and linearizers is defined within the framework presented above.
Special attention is given to efficient gradient propagation across kinodynamic robot
models in three-dimensions space. Three exemplary operators are detailed in the
following.

Rotation chaining

Robot simulation and control problems frequently involve the concatenation of mul-
tiple rotations. This is typically handled via quaternion or 3-by-3 matrix products.
The quaternion representation is more compact, requiring only 4 scalars, while the
matrix representation requires 9 scalars, potentially leading to increased register spill
and decreased cache locality. Furthermore, quaternion multiplication requires only
16 multiplications and 12 additions, while a 3-by-3 matrix multiplication requires 27
multiplications and 18 additions. For reference, a state-of-the-art symbolic automatic
differentation and computer algebra system [7] is used to derive and simplify forward
and reverse gradient terms. This results in 99 and 90 instructions for forward and
reverse matrix gradients as well as 60 and 56 instructions for forward and reverse
quaternion gradients.

The proposed automatic differentiation framework can represent rotational gradients
as 3D vectors while using quaternions @) r for absolute orientations. The linearizer f; 4.4
simply stores the first quaternion Qg1.

f1.0.4(@r1,QRr2) = Qr1 (3.1)

Forward gradient propagation f; ,, transforms the second rotation vector Vgo by
the first rotation quaternion Qg1 and adds the first rotation vector Vg1.

f9.0.0(VR1, VR2,QR1) = VR1 + QR1 VR2 QR] (3.2)
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The chain product between a quaternion, a vector and the conjugate of the same
quaternion can be computed efficiently via 15 multiplications and 15 additions [219].
Adding the first vector gradient results in 15 multiplications and 18 additions, a total
of 33 instructions.

Reverse gradient propagation f, ;. transforms the incoming gradient Vg3 by the
conjugate of the first rotation quaternion Qg1 .

fr.a.q(Vrs, Qr1) = (Vrs, Qr] Vr2 Qr1) (3.3)

The conjugate quaternion-vector-quaternion chain product can be computed using
the same method as before with reversed signs, resulting in only 15 multiplications
and 15 additions, or 30 arithmetic instructions, for backpropagation.

The proposed formulation reduces instruction counts for forward and reverse gradi-
ent propagation by almost one half compared to quaternion gradients and to exactly
one third compared to matrix gradients.

The linearizer simply references one quaternion and operates on 3D vectors, requir-
ing up to 10 load and 3 store operations. Automatic differentiation through quaternion
or matrix products depends on 8 or 18 scalars for the values, 8 or 18 scalars for the
inputs and 4 or 9 scalars for the outputs, resulting in 20 memory operations for quater-
nions or 45 memory operations for rotation matrices. The proposed method reduces
memory bandwidth by 35% or 71 % compared to quaternion or matrix gradients.

Angle-axis rotations

Three-dimensional rotations can depend on scalar angles, for example when modeling
revolute robot joints. The rotation angle turns a dependent frame around a rota-
tion axis. Performing all calculations in axis-angle representation can be inefficient
and inconvenient. The angle-axis representation is therefore typically converted into a
quaternion or rotation matrix. Doing so requires computationally expensive trigono-
metric functions. Applying the chain rule directly for automatic differentiation results
in gradient terms that still contain trigonometric functions. However, when repeatedly
propagating gradients through the same linearizations (e.g. see section 2.9), the rela-
tionship between the gradients is linear and only additions and multiplications should
be required. For simplicity, the following assumes a constant rotation axis. The axis
can be rotated by applying the rotation operator from the previous subsection to the
output.

The forward differentiation operator fg ., simply multiplies a rotation angle gradi-
ent o’ by the rotation axis V.

fo.a0(@, Vx) =a'Vx (3.4)

The reverse operator f, o, computes the dot product between rotation vector gra-
dient V}, and rotation axis Vx.

friaw(VR, Vx) = Vg Vx (3.5)
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When propagating gradients through programs that use angle-axis rotations, the
proposed framework can automatically replace computationally expensive trigonomet-
ric functions with simple vector-scalar multiplications and vector dot products.

Trigonometry

Some applications may also evaluate trigonometric functions explicitly. For the sine
function, gradients are proportional to the cosine. Instead of always re-evaluating the
cosine during gradient propagation, it is computed once by the linearization function.
During forward or reverse gradient propagation, the derivative is simply multiplied by
the precomputed factor.

3.3. Validation

Three different test suites are developed to validate correctness. The gradient operators
are sampled for random inputs and the results are compared to different baselines.

o A first finite difference test estimates derivatives for random values and gradients
numerically using the non-linear operator, then calls the linearization, forward
and reverse operators for the same inputs, and compares the results.

e A second self-test uses basic scalar operators from the proposed framework it-
self to derive symbolic gradient terms for the non-linear operators. Both the
automatically derived terms from scalar automatic differentiation and the lin-
earization, forward and reverse block operators are sampled with random inputs
and the results are compared.

e A third spatial transformation test propagates gradients across chains of five
random coordinate frames and compares the results with traditional scalar au-
tomatic differentation.

The tests appear successful for reasonable error bounds and input domains. For
some operators and some input ranges, such as real-valued square roots of negative
values, outputs may be undefined. For this purpose, input domains for the first two
tests are split into different ranges and results are divided by input domain. The third
test can be executed on arbitrary random numbers, and for double-precision floating
point numbers, the results agree with a mean squared error of 1-1071°.
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4. Tactile sensor skin

Capturing human interaction forces requires sensors to be placed either around human
hands or on objects and tools. Physically modifying all tools and objects or workpieces
would not always be practical. Tactile sensors that are placed on human hands may
have to curve around the hands and fingers to acquire all relevant contact information.
The sensors should be stretchable to adapt to hand motions and deformation of soft
tissue and to at least partially preserve human tactile sensation. To re-use prior
human experience during teaching, for compatibility with existing tools and objects
designed for human hands, and for easy cleaning, a smooth and closed surface may
be advantageous. Skin-like tactile sensors can also be the preferred choice for robots
to distinguish multiple simultaneous contacts, simplify human-to-robot transfer and
to maximize internal space available for mechanics and actuation. For safety reasons,
materials used in the constructions of tactile sensors should be non-toxic to humans
as well as non-corrosive to robots. Fully solid-state construction should be preferred
for durability and to simplify handling, use and storage.

4.1. Related work

Principles for measuring tactile information include piezo-resistive, capacitive and op-
tical sensing. Piezo-resistive materials and surfaces change their electrical resistivity
depending on contact pressure. Such materials can be placed between conductive
materials to construct pressure sensors [220, 180, 25, 221, 50, 100, 46]. Common lim-
itations are susceptibility to environmental factors such as moisture, relatively high
hysteresis and aging [50]. Capacitive pressure sensors place a non-conductive compress-
ible layer between two conductive layers and measure capacitive coupling between the
conductive layers across the dielectric layer [108, 222]. Capacitive sensors can also
be created using liquid droplets [136]. Optical tactile sensors measure deformation
of an elastic membrane using cameras or other light sensors [201, 127, 104, 109, 178,
189]. On robots, the camera can be placed inside the finger. However, this is typically
not practical for measuring interaction forces on human hands. Current tactile sen-
sor gloves suffer from low elasticity, low spatial resolution, mechanical obstruction and
poor coverage around curved surfaces such as fingertips [220, 180, 222, 25, 193]. Forces
on fingertips can also be measured using rigid transducers and force-torque sensors.
However, this requires relatively large amounts of space and the shells impede human
sensing [14]. Fingertip sensors for robots can be constructed with conductive liquid
chambers inside elastic shells [53, 133, 162].

Elastic components can be produced from non-toxic silicone rubber [53, 126, 8,
65]. Softness can be increased with liquid fillers, producing gels, but these can suffer
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from poor durability [126, 73, 209, 203, 130]. Silicone rubber and other elastomers
can be imparted with electrical conductivity via conductive fillers [172, 192, 42, 10,
21]. Achieving good conductivity with regular carbon black filler can be challenging
since high filler content increases viscosity and due to cure inhibition from contami-
nants [126]. Other newer conductive fillers are subject to health concerns [163, 10].
Conductors in stretchable electrics can also be created using liquid metals [108, 183,
196, 63] or conductive grease [72]. Current liquid metals can offer good conductivity
but lead to fire and explosion (NaK) [125], health (Hg) or corrosion (Ga) hazards. Var-
ious types of sensors can also be constructed using conductive fabrics and yarns [222,
25, 180, 223, 224]. Distributions can be measured across surfaces by either connecting
a set of sensor cells to readout electronics individually [127], by inferring distributions
from boundary measurements [105, 34, 205, 203] or by arranging sensor cells as a
sensor matrix [220, 100, 108].

4.2. Preliminary experiments

4.2.1. Fabric-based glove and object instrumentation

First multimodal human demonstration data for robot learning experiments (chap-
ter 7) is recorded via a hybrid approach with a fabric-based glove and instrumented
objects (see figure 4.1). One half of the tactile sensor is placed on the glove, the other
half on the object. The glove is equipped with pads of electrically conductive fab-
ric'. Object surfaces are covered in an inner layer of metal foil and an outer layer of
a piezo-resistive film?. The electrodes are connected to a microcontroller?, which is
programmed to apply excitation voltages to one set of electrodes and measure volt-
ages between sensors and a set of reference resistors at the other set of electrodes.
In addition to force estimates and approximate contact locations, this approach can
also be used to directly measure pair-wise correspondences between fingers and object
surfaces, without an immediate need for complex reconstruction algorithms. Further-
more, by placing only one additional layer of fabric on the glove, the glove remains
fairly flexible, even when using simple off-the-shelf fabrics. One drawback of this ap-
proach is that current can flow between different electrode pads on the glove if the
fingers touch each other, leading to ambiguities when attributing contacts to electrode
pads. Such cases could potentially be detected via pair-wise resistance measurements
between all electrodes. However, if the fabric on the glove is fully conductive, the
measurements would still be corrupted. As a second drawback, this approach requires
both the glove and the objects to be modified. Nevertheless, it enables successful data
recording for first teaching experiments.

1Conductive Fabric - 12"x13" Ripstop, Zhiwei Robotics Corp., Shanghai, China
2Pressure-Sensitive Conductive Sheet (Velostat/Lingstat), Adafruit Industries LLC, NYC, USA
3ESP32, Espressif Systems, Shanghai, China
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4.2.2. Fabric-based tactile sensors

Additional fabric-based tactile sensor prototypes are created that integrate both elec-
trode layers and an intermediate piezo-resistive layer on the glove (see figure 4.1,
middle, right). The parts are attached with small amounts of glue to minimize fray-
ing. A first inner layer of conductive fabric! is attached to a thin fabric glove. A
layer of pressure-sensitive conductive foil? is placed on top, followed by a third layer
of conductive fabric. Small extensions from the electrode pads reach to the back of
the fingertip and are connected to readout wires. The sensors are read by applying a
readout voltage and measuring the conductivity against reference resistors.

While in principle functional, the sensors suffer from cross-talk between pressure
and stretch, with measurements being noticeably affected by both finger motion and
contact force. Additionally, mounting all four layers on top of each other leads to
high mechanical stiffness, increased thickness and reduced flexibility. In practical sys-
tems, at least one further layer may be required for insulation. Despite using glue
for mounting the parts, fraying still appears to be an issue. During use of the glove,
fibers occasionally detach from the fabric and could potentially lead to short circuits
in larger systems with many sensor cells. Applying additional glue mainly seems to
decrease flexibility. Finally, with the additional layers mounted on top, seams in the
glove itself become increasingly noticeable and due to varying thickness, it would be
hard to teach precise contact locations.

Figure 4.1.: Early fabric-based sensor glove with conductive finger-tips, Aruco [156]
tracking markers and overlayed marker detections (white) and instru-
mented bottle with a conductive pressure-sensitive rim (left), multi-layered
fabric-based sensor prototypes on a glove (middle, right).

4.2.3. Robot fingertips

A fingertip-shaped plastic core with elevated ridges is designed in Blender [225] and
manufactured using an FFF printer. The top of each longitudinal ridge is covered with
a strip of conductive metal tape. The tip of each lateral ridge is then first covered with
insulating electrical tape and then by a slightly thinner strip of metal tape. A piece of
pressure-sensitive film? and then a piece of rubber foam are repeatedly pulled over a
second smooth fingertip print to mold the films into the same shape, then placed onto
the print with the conductive traces, and finally fixed at the edges with double-sided
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adhesive tape (see figure 4.2). The electrodes are connected to a flat cable on the back
of the sensor using conductive ink.

Figure 4.2.: 3D-printed core with metal electrodes (left), pressure-sensitive film (mid-
dle) and complete fingertip sensor with foam cover (right).

The sensor can approximately detect contact forces and locations (see figure 4.3)
while wrapping around a curved fingertip shape. However, it shows a non-linear re-
sponse and saturates easily under high forces, suggesting that it may be advantageous
to place electrodes on both sides of the sensing elements despite complicating mechan-
ical strain relief.

AUAAN(

Figure 4.3.: Example responses to mechanical contacts of a first double-curved robot
fingertip prototype.

4.3. Foil-based tactile matrix sensors

Resistive tactile matrix sensors are created from aluminum tape and piezo-resistive
polymer films. The sensors consist of a first layer with parallel strips of metal tape, a
second pressure-sensitive polymer layer, a third layer of parallel strips of metal tape
perpendicular to the first, and finally a non-conductive surface layer. The sensor ma-
trix is read by applying voltages to electrodes on one layer and measuring currents
flowing through the pressure-sensitive polymer film to the perpendicular electrodes.
For the pressure-sensitive layer, a piezo-resistive ESD protection foil is used?. The
electrodes are produced from an aluminum adhesive tape*. Electrode shapes are de-
signed in OpenSCAD [226] and Inkscape [227]. The metal foil is cut using a cutting
plotter® [228]. Electrodes extend out of the sensors as flexible cables (see figure 4.4).

4AT502, Advance Tapes International Ltd., Westmoreland Avenue, Thurmaston, UK
5Portrait 2, Silhouette America, Inc., USA
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Figure 4.4.: Cutting electrode shapes using a cutting plotter (left), sensor electrodes
fanning out from narrower cable conductors (right).

A flat prototype with 16 rows and 16 columns is assembled. Each metal tape layer
is glued to a non-conductive plastic foil. The assembly is placed on a thin rubber foam
sheet. The sensor responds to human touch and can detect multiple simultaneous
contacts, as shown in figure 4.5.

Figure 4.5.: 16-by-16 tactile sensor matrix and contact response.

The cable extensions from the electrodes are clamped onto the edges of circuit boards
with rows of contact pads. The excitation circuit uses a 16-channel port extender IC®
and the reception circuit a 16-channel analog multiplexer”. Sequencing, analog-to-
digital conversion and host communication are implemented using a microcontroller?.
The sensor is exposed to different objects and stimuli. It can successfully detect edges
and corners, multiple contacts from the coils of a telephone cord, the holes in washers,
and the bubbles in a piece of bubble wrap (see figure 4.6).

6MCP23017SO, Microchip Technology Inc., AZ, USA
7CD74HC4067, Texas Instruments Incorporated, Dallas, Texas, USA
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Figure 4.6.: Response of a resistive tactile sensor matrix to different stimuli (first pub-
lished in [290] under CC BY 4.0).
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4.3.1. Crosstalk compensation

The sensor matrices can be read by connecting each row via a reference resistor to
ground or a another fixed reference voltage, successively applying a voltage to each
column and measuring the voltage at each row. Since this approach allows variable
voltages at the reception lines, small amounts of current can also flow through other
sensor cells, leading to crosstalk.

The effect can be avoided by reading the sensors via transimpedance amplifiers [229,
230]. The reference resistor is placed between the inverting output of an operational
amplifier and the tactile reception line. This ensures that the reception lines always
maintain constant voltage levels (see figure 4.7, bottom-left), suppressing crosstalk.
However, active suppression requires additional electronics.

Crosstalk compensation can alternatively be performed by computational means.
Each sensor cell is modeled as a variable resistor. The sensor model computes volt-
ages at the reception lines given a resistance distribution and excitation voltages. The
reconstruction method then continuously solves for resistance distributions that ex-
plain the current measurements from the real sensor. Solutions to the reconstruction
problem can be efficiently approximated by an iterative method [24]. Results are suc-
cessfully verified by applying the sensor model again and comparing outputs to original
measurements. Computational crosstalk compensation allows the sensors to be read
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using off-the-shelf microcontrollers (and for some large sensors multiplexers), without
requiring active compensation circuits. The method is used for the experiments in
figure 4.5, figure 4.6 and section 4.4.

4.3.2. Characterization

Sensor response is characterized by pressing a cylindrical tip onto a sensor cell and
plotting sensor readings over force. The measurements are performed using a custom
motorized calibration device (figure 4.7, top-left). The sensors show a mostly linear
response until reaching saturation (figure 4.7, right). Sensitivity can be adjusted by
the choice of feedback resistors. One sensor cell can detect forces below 1N and as

high as 25N.
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Figure 4.7.: Calbration device (top-left), readout circuit (bottom-left, sensor response
for different feedback resistors (right) [290] CC BY 4.0.

4.3.3. Integration

The sensors are integrated on an instrumented can and on the palm of a Shadow C6
humanoid robot hand (see figure 4.8). The instrumented can features 512 sensor cells
distributed across two 16-by-16 matrices, demonstrating scalability and applicability
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to curved surfaces. The Shadow hand was previously only equipped with tactile sensors
on the fingertips. The palm sensor consists of multiple segments to match the shape
of the robot hand. One segment curves around the ball of the thumb. The cables from
the palm sensor are connected to the readout board using Z-axis tape®. See [290, 288]
for further details on robot integration and applications.

Figure 4.8.: Tactile palm sensor on a Shadow C6 humanoid robot hand with sensor
response (top [290] CC BY 4.0). Instrumented can (bottom-left [290] CC
BY 4.0), flexible cables inside instrumented can (bottom-center), electrode
shapes for robot palm sensor (bottom-right).

4.4. Double-curved tactile sensor matrices

In order to produce double- and multi-curved tactile matrix sensors, the parts are
assembled on three-dimensional fixtures, which are subsequently removed. A first
fingertip prototype is designed in OpenSCAD [226] via CSG (constructive solid ge-
ometry). The assembly fixture is equipped with small protrusions for part alignment.
Conductive strips are designed to wrap around the fixture and extend through a flat
cable along the back of the finger. Slightly wider non-conductive films serve as insu-
lation. The non-conductive film merges into a single wide rectangular part along the
cable. The electrodes are separated along the entire length. Strips of pressure-sensitive
film? sit between inner and outer electrodes. A small piece of insulating film is po-
sitioned above the finger nail to prevent short circuits between driving and receiving
traces. The fixture is split lengthwise into four segments for extraction after assembly.

83M™ Electrically Conductive Adhesive Transfer Tape 9703
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See figure 4.9 for renderings of the parts and fixture. The parts are cut using a cutting
plotter® and the assembly jig is printed on an FFF 3D printer. Insulating parts are
cut from adhesive Vinyl tape. To assemble the sensor, the four pieces of the fixture are
clamped together. The components for the sensor are then attached one after another
to the assembly fixture and pressed together. Finally, the clamp holding the fixture
together is removed and the four segments are successively extracted.

Figure 4.9.: CAD models of an assembly jig (top) as well as part shapes (bottom)
for electrodes (green), pressure-sensitive film (red) and insulating layers
(blue) for constructing a double-curved tactile fingertip sensor.

The sensor can be worn on a human finger while recording tactile data and it can re-
solve multiple simultaneous contacts (see figure 4.10). However, since the device is not
stretchable, it severely limits human tactile sensation. Furthermore, after continued
use, the metal electrodes begin to break. This typically happens first at the fingertip,
but in some cases eventually also along the cable.
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Figure 4.10.: Double-curved tactile matrix sensor on a human fingertip (top) and sen-
sor outputs for different contact locations (bottom).

4.5. Elastic tactile sensor skin

4.5.1. Feasibility study

In order to assess the general feasibility of creating tactile matrix sensors completely
from stretchable materials, a first prototype (figure 4.11, top) is constructed from
commercially available TPU (thermoplastic polyurethane). A layer of electrically con-
ductive TPU? is dispensed using an FFF printer. The dielectric layers are created from
a textured TPU foil!?. The sensor consists of a first dielectric layer, a second layer
of horizontal conductive strips, followed by two layers of the dielectric TPU, vertical
conductive strips and a final non-conductive layer. The components are placed on top
of each other and joined using a laminator'!. With the right pressure and temper-
ature, the layers adhere to each other while the textured TPU surfaces form small
compressible cavities. If pressure is applied to the sensor, the distance between the
conductive TPU strips decreases and the capacitance increases. The conductive strips
extend out of the sensors on two sides, on one side covered by non-conductive foils.
The ends of the conductive traces are connected to metal electrodes with wires using
Z-axis tape®. The sensor mainly responds to pressure (figure 4.11, bottom-left) and is

9Ninjaflex Eel, Fenner Precision Polymers, PA, USA
10TPU Film Thermoplatic Polyurethane, Fabimonti, Fabio Montenegro, Norderstedt, Germany
1 QOlympia A 230 Plus, Pam’s Naturprodukte Shop, Mellrichstadt, Germany
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less affected by bending (figure 4.11, bottom-right). The prototype can be used as a
tactile sensor, but suffers from low sensitivity, low elasticity and plastic deformation
under high stretch.

Pressure Bending

Eld™ 1N

Figure 4.11.: TPU-based capacitive sensor prototype (top) and sensor response under
contact forces (bottom-left) and bending (bottom-right).

4.5.2. Silicone materials

Material properties are further adapted by developing new silicone-based formulations.
Electrically conductive parts are constructed with carbon black as a conductive filler.
Dielectric layers are created from non-conductive silicone.

During first experiments, various commercially available liquid silicone rubbers are
mixed with different kinds of carbon black. In most trials, the silicone fails to cure.
Two-part addition-cure silicone is known to be susceptible to cure inhibition [126]. A
one-part low-viscosity acetoxy silicone'? successfully cures with regular carbon black.
However, since the viscosity increases with filler content and the curing of acetoxy
silicone is initiated by air moisture, sufficient mixing can be difficult. Additionally,
using acetoxy silicone for conductive parts can complicate further sensor production
steps, since acetoxy silicone can inhibit addition-cure silicone. Further experiments are
conducted with addition-cure silicones, elevated cure temperatures, and a specialty-
grade carbon black originally intended for food-contact applications with low amounts
of contaminants'®. First mixing three parts part A and three parts part B of a two-
component addition-cure silicone'* each with one part of the food-contact carbon
black, then combining both mixtures, pressing the material between two sheets of
PTFE foil and heating for two hours at 120° C results in a successfully cured electrically
conductive sheet of silicone rubber. The material can be stretched by 100 % and has a

1281525, CHT Germany GmbH, Tiibingen, Germany
13Food Contact Royale Black PP802, CAS 1333-86-4, Profiltra BV, Netherlands
14Silikon Kautschuk Typ 2 Abformsilikon mittelhart, Troll Factory Rainer Habekost e.K., Germany
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volume resistivity of 0.3 Qm, already showing better conductivity than the conductive
TPU®. If the conductive filler content is increased further, mixing and processing
becomes more difficult due to higher viscosity and the material fails to cure.

To further increase both stretchability and conductive filler content, fully custom for-
mulations are developed. 74.3 g vinyl-terminated polydimethylsiloxane'® with a viscos-
ity of 20000 ¢St is mixed with 24.8 g carbon black!3, 0.87 g of a methylhydrosiloxane-
dimethylsiloxane 6 as crosslinker and a Platinum catalyst'”. The resulting conductive
silicone rubber can be stretched by 400 % without damage. However, before curing,
the mixture still has a high viscosity and can be hard to process. The viscosity can
be slightly decreased using a lower-molecular-weight siloxane and a chain extender.
For an additional decrease in viscosity while at the same time increasing filler content,
solvents are added. Hydrocarbons can be used, but the amount should be limited for
successful curing. 48.5g hydrocarbon solvent!'®, 31 g vinyl-terminated polydimethyl-
siloxane!® with a viscosity of 2000 cSt, 19.4 g carbon black, 0.912 g hydride-terminated
polydimethylsiloxane'® as a chain extender, 0.228 g of the crosslinker'® and 10 mg of
the catalyst'” are mixed and spread on a PET sheet with a blade. After one hour,
the sheet is heated to 100°C for multiple hours on a hotplate to remove the solvent.
The material shows a volume resistivity of 0.025 Q2 m and an elongation at break above
550 %, outperforming the first conductive silicone formation, the conductive TPU, and
materials from related work using carbon nanotubes and graphene [192, 42]. However,
the formulation requires high processing time, heating and ventilation. Easier process-
ing, higher solvent content and additional slight improvements in material properties
are achieved using a volatile silicone oil, Hexamethyldisiloxane?? (HMDS), as solvent.
Higher solvent content enables not only higher filler content but also the use of a
high-molecular-weight silicone gum for improved elasticity. 400 g hexamethyldisilox-
ane?® are mixed with 53 g vinyl-functional siloxane gum?', 40g carbon black'?, 4g
hydroxy-termianted PDMS?? as a processing aid and 632mg crosslinker'. After a
small amount of catalyst'” is added, the mixture is spread using a blade and cures at
room temperature into a conductive silicone rubber film. A bare piece of conductive
silicone film can be stretched by approximately 600 %. If glued to a non-conductive
silicone film, it can be stretched by 700 % before either the non-conductive film tears
or the films delaminate.

Non-conductive parts can be produced from standard molding silicone?®. Recently
developed high-elongation silicones [8, 65] can be more stretchable but require in-
creased cure times of approximately one day or elevated cure temperatures. When
casting layers of artificial skin, solvent-based processing can also be used for the non-
conductive parts, enabling high elasticity as well as short cure times. 500g HMDS2°

15CAS 68083-19-2, Nedform BV, Netherlands

16CAS 69013-23-6, Crosslinker 200, Evonik Industries AG, Germany

I7CAS 68478-92-2, Karstedt’s catalyst solution, Nedform BV, Netherlands

18CAS 649-327-00-6, hydrocarbons C10 - C13

9CAS 70900-21-9, hydride-terminated PDMS 5 c¢St, Nedform BV, Netherlands

20CAS 107-46-0, hexamethyldisiloxane, WACKER AK 0,65, Wacker Chemie AG, Germany

21CAS 67762-94-1, Vinyl Gum 0.074, Nedform BV, Netherlands

22CAS 70131-67-8, PDMS, hydroxy terminated, M.W. 4200, VWR International GmbH, Germany
23Gilikon Kautschuk Typ 1 Abformsilikon mittelhart, Troll Factory Rainer Habekost e.K., Germany
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are mixed with 80 g vinyl-functional siloxane gum, 673 mg crosslinker'®, 16 g hydropho-
bic fumed silica as a reinforcing filler?* and 800 mg zinc oxide as an opacifier for easier
processing. When adding a hydrosilylation catalyst'” and spreading the mixture to
allow the solvent to evaporate, a soft silicone rubber film with a maximum elongation
at break of approximately 800 % is formed within 30 min to 1h.

Internal pressure-sensitive dielectric structures are cast in closed molds, requiring
solvent-free processing. Commercial molding silicones can contain liquid fillers or
plasticizers, potentially leading to changes in mechanical properties over time [126].
These potential issues are avoided by producing custom fast-curing (approximately
20min) liquid molding silicones from vinyl-terminated PDMS!® with a viscosity of
2000 cSt, hydride-terminated PDMS!? chain extender, hydrophobic fumed silica as a
reinforcing filler, crosslinker'®, zinc oxide as an opacifier and zinc stearate as a release
agent. In some prototypes, dielectric structures are also cast from a commercial high-
elongation silicone [8, 65] without liquid fillers, which requires increased temperature
or cure time.

4.5.3. Dielectric structures

The sensor cells form variable capacitors with compressible cavities between two layers
of electrodes. Experiments are performed with different structures and production
methods.

The dielectric structure can consist of closed air pockets or of open-celled column
arrays. In a closed-celled structure (figure 4.13), compression depends mainly on air
pressure, potentially minimizing the effects of material hysteresis. However, when
stretching the skin, the surface area increases, leading to higher atmospheric force,
resulting in additional crosstalk between stretch and pressure. Open-celled dielectric
structures (figure 4.14) put higher demands on material properties, since the response
depends solely on the elastic properties of the materials and sensor geometry. However,
with open-celled dielectric structures, internal and external air pressure can equalize
when stretched, potentially reducing crosstalk between stretch and pressure.

The dielectric structures can be cast in-place on 3D-printed skin molds. However,
this limits the structure size to the resolution of the printer and relatively large but
thin three-dimensional parts have to be carefully transferred from one mold to another.
If the dielectric patterns are molded as individual small pieces and subsequently trans-
ferred to the skin mold, finer patterns can be created using regular 3-axis CNC mills
(figure 4.12). However, this requires additional work for piece-wise assembly.

24CAS 68909-20-6, Aerosil R 812 S, Evonik Industries AG, Germany
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Figure 4.13.: Closed-celled dielectric structures after casting (left [292]) and on fixtures
for sensor assembly (middle [292], right).

Figure 4.14.: Open-celled dielectric, partially dissected on finger sensor (top), between
electrodes (bottom-left), on human skin (bottom-right). [296]

4.5.4. Computer-aided design and toolpath generation

The production of multi-curved sensor skins is first planned via computer-aided de-
sign. The shape is specified as a subdivision surface [29, 137] mesh. Sensor layout
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is defined via an additional polygon mesh, which is projected onto the base mesh.
Molds with and without features for part alignment are derived from the base mesh
and the sensor layout by projecting the part shapes onto the base mesh and extrud-
ing affected or unaffected parts. In case of in-situ molding of dielectric structures,
additional molds are created via procedural displacement mapping. The meshes are
modeled in Blender [225]. Part shape and mold generation are implemented using
Geometry Nodes [231].

The parts shapes are subsequently unwrapped from the 3D model, projected onto a
plane, arranged for efficient production and converted into tool paths for a cutting plot-
ter. Common 3D modeling packages such as Blender [225] implement angle-preserving
UV unwrapping [111] for texture mapping. However, for sensor skin production,
stretch should be minimized. A custom stretch-minimizing unwrapper is developed
to reduce excess mechanical strain. The problem is solved through sequential least
squares. Evaluating only edge length would allow the parts to be flipped. Therefore,
during each iteration, polygon alignments are computed via the Kabsch algorithm [95,
188]. To overcome local minima, gradually decaying Gaussian noise is added. See
figure 4.15 for examples.
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Figure 4.15.: Shapes (left) and loss (right) while unwrapping parts for a double-curved
tactile fingertip sensor. [292]

After unwrapping, the part shapes are packed to minimize waste during manufac-
ture. Popular open-source bin packing solvers are available for rectangular [89, 232]
and convex shapes [233]. However, shapes for sense skin production can be highly
non-convex. The parts are arranged via simulated annealing, minimizing the area
of the combined bounding rectangle. Pair-wise distances between the parts are con-
strained to be above a fixed margin. An example for the packing process is shown in
figure 4.16. The tool paths are written to SVG files and executed on a cutting plotter
via an open-source Inkscape extension [228].
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Figure 4.16.: Part shapes (left) and loss (right) for increasing iteration counts while
arranging parts for manufacturing a tactile fingertip sensor. [292]
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4.5.5. Sensor readout

The tactile sensor skins are read by applying excitation signals to one set of electrodes
and measuring currents that are coupled across the sensor cells into another set of
electrodes (see figure 4.17, right). To achieve acceptable signal-to-noise ratios from
high-impedance capactive sensor cells and across cables made from electrically con-
ductive silicone rubber, all sensor cells are sampled simultaneously and sine waves are
used as excitation signals. However, the readout electronics should also be compact
enough for wearable devices. Signal generation, digital-to-analog conversion, analog-
to-digital conversion and filtering are integrated together on an FPGA. Delta-sigma
conversion [234] is used to interface between analog and digital domains.

‘ Tactile Sensor Skin o . . . :
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Figure 4.17.: FPGA architecture for sensor readout (left) [292], equivalent circuit of a
capacitive sensor matrix with excitation drivers and receivers (top-right)
[296], layer structure of the sensor (bottom-right) [296].

A DDS signal generator creates sine waves with different frequencies. These are
converted to delta-sigma bit streams. In some prototypes, external RC lowpass filters
and amplifiers are used to increase excitation voltage. The generated excitation signals
are transmitted into the sensor matrix. Currents coupled into the excitation lines
are measured by current-mode delta-sigma ADCs while keeping the reception lines
at a constant voltage level to avoid crosstalk. A tactile processor (figure 4.17, left)
iterates over a virtual tactile sensor matrix and correlates measurements with sines and
cosines of the excitation frequencies, reconstructing complex impedances. Parameters
including excitation frequencies and sampling rates can be configured via a set of
registers. The configuration registers and the virtual sensor matrix can be accessed via
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a memory bus. Depending on the application, the memory bus interfaces with a RISC-
V softcore [235], an I12C bus [236] or a UART connection. The FGPA architecture is
developed and synthesized using open-source toolchains [237, 238, 239, 169, 240, 152,
241].

4.5.6. Experiments

A piece of tactile sensor skin with a cell size of 10mm x 10mm and an open-celled
dielectric is placed ontop of a load cell. Different amounts of force are applied. Outputs
from the tactile sensor and from the load cell are recorded. The response can be
approximated by a simple rational model. The model is fit by minimizing mean squared
errors [61]. See figure 4.18 for results.

x107

0 5 10 15 20 25 30 35
Force [N]

Figure 4.18.: Measurements (blue) and fitted model (black) for sensor response
(Y axis) to forces (X axis). [292]

A piece of tactile sensor skin (figure 4.19, right) with a cell size of 5mm X 5mm
and an open-celled dielectric is exposed to various stimuli. The sensor is connected
to the readout electronics via an 8 cm long stretchable silicone cable with excitation
lines on one side, reception lines on the other side and one ground trace in-between for
shielding. Each conductor has a width of 0.5 mm. Different weights are placed onto
the sensor and removed. Sensor response is recorded for a 1g weight and for a 50g
weight (figure 4.19, top-left, middle-left). Both weights can be detected by the sensor.
The noise is significantly lower than the response for the 1g weight. The sensor can
also be used to track the location of moving contacts. When a 2€ coin is rolled over the
piece of sensor skin, different cells show slowly increasing and decreasing overlapping
activations (figure 4.19, bottom-left). Figure 4.20 summarizes the response to different
weights (b-e), touching the matrix (f) or cable (g) with a human finger, stretching the
cable (i) or sensor matrix (j-k), and touching the cable while interrupting the ground
connection to the shield trace (h). The sensor can detect and distinguish forces across
multiple orders of magnitude. A small amount of crosstalk between pressure and
stretch can be observed. However, for practical applications, it should be below typical
contact forces and could be further compensated through multimodal integration with
motion tracking. The ground trace between the transmission and reception bundles
reduces interference from mutual capacitance.
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4.6. Wearable multimodal fingertip

A first fingertip prototype features a double-curved 4-by-4 sensor matrix with 16 tactile
cells. The readout electronics is integrated locally above the finger nail, minimizing
potential signal interference, attenuation and crosstalk. This also provides opportuni-
ties for integration with other modalities. The prototype readout board is equipped
with an IMU and an LED, which can be used to support motion tracking and vibration
measurement.

A model of the tactile sensor matrix is created using Blender [225]. The fingertip and
electrode shapes are specified via subdivision surfaces [29, 137]. The part shapes are
projected onto the fingertip shape. Assembly fixtures are generated by extruding and
subtracting the part shapes from the fingertip model. The part shapes are processed
as described in section 4.5.4. In the first foil-based sensor prototypes described in
section 4.4, the rows and columns of the sensor matrix are aligned in lateral and
longitudinal directions, allowing for easy mathematical description in OpenSCAD,
but leading to less even coverage at the tip. For the sensor skin prototype introduced
in this section, the rows and columns wrap around the tip at a 45° angle, with one
corner of the matrix at the tip, one at the base, and two corners at the left and right of
the fingertip. See figure 4.21 for renderings of the assembly fixture and the electrode
layout.

Figure 4.21.: Assembly fixture (left) and electrode layout (right) for a double-curved
fingertip sensor [292].

A conductive silicone film is cast and cut into two halves. One half is covered with a
closed-celled dielectric pattern. A hexagonal grid pattern is milled into an aluminum
plate. A negative casting with a hexagonal pin pattern is created using polyurethane
resin. The polyurethane casting is used to cast a silicone honeycomb structure onto
one of the conductive silicone films. To close the honeycomb structure, a film of non-
conductive silicone is dispensed onto a flat plate using a blade and the honeycomb
structure is pressed against the partially cured silicone film. The silicone films and
structures are cut according to the unwrapped part shapes using a cutting plotter.
The inner electrodes are cut from the bare conductive film and the outer electrodes
are cut from the conductive film with the dielectric honeycomb structure.

The silicone electrodes are connected to the readout board via solder tabs. One
side of a copper sheet is coated with a galvanic tin layer and the sheet is cut into
small rectangular pieces. The bare copper surfaces of the solder tabs are glued to
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the silicone electrodes using small amounts of additional conductive silicone and a
primer?®. The silicone electrodes are connected to the readout board by soldering the
metal tabs onto corresponding solder pads on the readout board (figure 4.22, left). The
electrodes are glued together with non-conductive silicone and onto a hollow silicone
fingertip (figure 4.22, right). The assembly fixture is printed using an FFF printer.

Figure 4.22.: Silicone electrodes are soldered via metal tabs to a finger-nail readout
board (left) and assembled into a double-curved wearable fingertip sensor
(right) [292].

The readout board above the finger nail carries a small low-power FPGA26. The
FPGA reads the sensor matrix directly via delta-sigma modulation as described in
section 4.5.5. In addition to the FPGA itself, only one reference resistor is required
for each reception line. Additional lowpass filters, which would typically by integrated
in delta-sigma ADCs and DACs are not required. The digital DAC bitstream can
be directly fed to the excitation lines. ADC comparators and feedback paths can
be directly connected to the reception lines. Impedance properties of the conductive
silicone provide sufficient filtering. Four wires connect the fingertip electronics to a
host microcontroller®. Two of the wires provide power and two additional wires are
used for data and programming. During startup, the two signal wires act as clock and
data connections for uploading the FPGA bitstream in SPIT mode. At runtime, the
wires form an I2C bus to exchange configuration and sensor data, providing access
to the tactile sensor, IMU and tracking LED. The fingertip sensor can be worn on a
human hand. The tactile sensor records contact forces and locations while the IMU
records motion and vibration data (see figure 4.23).

25Wacker Primer G790, Wacker Chemie AG, Germany
26]CE5LP1K, Lattice Semiconductor Corporation, Hillsboro, OR, USA
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Figure 4.23.: Tactile and IMU data recorded from a human finger using a wearable
fingertip sensor during object manipulation [292].

4.7. Wearable finger sleeve

The fingertip sensor design is adapted to also cover the middle and proximal phalanges.
The finger sleeve is constructed without rigid parts. Not only the sensor electrodes
but also the cables connecting the transducers to the readout electronics are made
from electrically conductive silicone rubber. Parallel strips of conductive silicone are
embedded into the sleeve along the back of the finger and extend past the proximal
joint as a cable. The cable connects to a readout board, which can be placed on
the wrist. The wearable finger sensor is assembled inside-out with an in-situ molded
open-celled dielectric structure.
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Fixtures and part shapes are designed using the same methods as the fingertip
sensor. An additional mold for in-place dielectric casting is generated through variable
displacement of mesh vertices along the surface normals. Two smooth skin layers are
cast by pouring liquid silicone rubber over finger molds and letting the silicone cure.
Conductive silicone films are cast on adhesive carrier foils and cut to form the sensor
electrodes. The carrier film with the conductive silicone is cut to form the sensor
electrodes and the parts are attached to the assembly fixtures via the adhesive carrier
films. One of the previously prepared skin layers is glued over the assembly fixture
and onto the electrodes with liquid silicone rubber. After curing, the skin is removed
from the fixture and the adhesive plastic foils are removed from the electrodes. The
same process is repeated to create a second layer of skin with perpendicular electrodes.
The dielectric mold is covered with liquid silicone rubber, one of the sensor skin layers
is pulled over the mold, and the silicone is cured, forming the dielectric pattern. The
outer layer is finally glued onto the inner layer, with the dielectric pattern forming
small pressure-sensitive cavities. A silicone flat cable is prepared by cutting electrically
conductive silicone into parallel strips and filling the space between the conductive
traces with non-conductive silicone. The cable is then glued to the back of the finger
sensor. The cable extension is reinforced and insulated by an additional layer of non-
conductive silicone. Electrical connections between parts on different layers (cable
traces and sensor electrodes) are created by punching holes with a hollow needle and
filling the holes with electrically conductive silicone. A small piece of inelastic plastic
foil is glued onto the end of the silicone cable to ensure correct contact alignment when
attaching the cable onto a rigid circuit board. Exposed conductive silicone is insulated
with non-conductive silicone. The silicone is post-cured in an oven for multiple hours.
The end of the cable is attached to a readout board using a 3D-printed mechanical
clamp.

Attempts to read the finger sensor across the silicone cable using similar circuitry as
for the sensor fingertip fail, producing mostly noise. An obvious explanation could be
limited ADC accuracy. However, adding additional transimpedance amplifiers fails to
improve signal-to-noise ratio. Increasing the excitation frequency results in increased
signal attenuation and decreasing the excitation frequency also reduces the response
from the capacitive sensor cells. Therefore, the excitation amplitude is increased by
amplifying the excitation signals to approximately 18 V. Linear analog amplification of
the excitation signals would first require low-pass filtering of the delta-sigma bitstream.
To save board space, the delta-sigma bitstreams are amplified directly using digital
drivers?”.

The finger sensor can be used to measure contacts on the distal, middle and proximal
phalanges of a human finger (fig. 4.24) or on a humanoid robot finger (fig. 4.25).
Both the sensing elements and the silicone cable can be stretched by multiple times
without damage. Impedance measurements from the sensor cells reveal that the open-
celled dielectric improves sensitivity and reduces crosstalk between pressure and stretch
compared to the closed-celled dielectric in the previous fingertip sensor. However, the
in-situ-molded dielectric suffers from higher variation in sensitivity between cells.

2"MCP1415, Tiny 1.5A, High-Speed Power MOSFET Driver, Microchip Technology Inc., AZ, USA
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Figure 4.24.: Recording contact information from a human finger during object ma-
nipulation using elastic tactile sensor skin [292].
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Figure 4.25.: Elastic tactile sensor skin applied to a tendon-driven humanoid robot
finger [292].

4.8. Elastic tactile teaching glove

In order to simultaneously measure contact information on all five fingers and the
palm during teaching by human demonstration, a full sensor glove with tactile sensor
skin is developed. The glove, including sensor electrodes and electrical connections,
is completely made from stretchable silicone rubber. The sensor cells are produced
with an open-celled separately-molded dielectric to minimize thickness and pressure-
stretch crosstalk while maximizing sensitivity. The base layer of the glove, electrodes,
conductors and insulating layers are cast using the final solvent-based formulations
(section 4.5.2). Readout electronics are placed on the wrist to avoid obstruction,
interfacing with the sensor array via an elastic flat cable made from the same materials
as the glove.

42



4. TACTILE SENSOR SKIN

4.8.1. Design

The glove is first designed as a virtual CAD model (figure 4.26). The underlying hand
shape is generated using MakeHuman [242], a parameterizable subdivision-surface hu-
man model. The finger sensor models developed in the previous section are projected
onto the hand model. The palm of the hand model is retopologized accordingly and
connected to the base of each finger. A multi-curved 6-by-6 palm sensor with a 2-by-3
cutout between thumb and first finger is designed. The sensor matrices are modeled as
closed quad meshes and the electrodes are separated programmatically to ensure even
spacing. Flat cables, consisting of parallel conductors, are modeled as quad meshes
as well, with alternating material assignments for gaps and conductors. Cables to
the fingers and palm are joined at the back of the hand, merging into a single flat
cable along the upper side of the wrist. Smooth subdivision surfaces [29, 137] are
generated for electrodes, cables and sensor dielectrics, and projected onto the hand
mesh. Alignment markers are generated following the outlines of the part shapes and
subtracted from the base mesh in order to generate a mold for casting and assembly.
Electrode and dielectric shapes are exported as OBJ files. The shapes are unwrapped
and compacted as described in section 4.5.4.

Figure 4.26.: CAD model of a tactile sensor glove [296]. Electrodes for sensor rows and
columns are shown in green and blue, spacing constraints in black and
ground electrodes in red.

4.8.2. Assembly

The glove is manufactured by casting a continuous base layer, casting and cutting elec-
trode and dielectric parts, gluing the parts to the glove, creating vertical connections
between layers, and finally applying layers of paint and varnish. See figure 4.27 for an
overview of the production process.

43



4. TACTILE SENSOR SKIN

Cast dielectric film

Mold dielectric columns }

Mill dielectric mold

{ Laminate cables J { Cast electrode film } Cast base layer
Cut cables Cut electrodes Glue inner electrodes Laminate dielectric

[ Glue cables H Glue outer electrodes }4—[ Cover electrodes H Glue dielectric H Cut dielectric }

Demold glove Paint glove

Figure 4.27.: Productions steps for manufacturing a tactile sensor glove [296].

{ Cast cable film } [ Print hand mold

’

The hand mold is printed using an SLA printer. Alignment markers are created by
printing the mold in a black resin and subsequently filling printed grooves with a white
putty?®. The mold is covered in a plastic primer?® and a clear varnish3? to ensure a
smooth inner surface and to avoid cure inhibition.

The base layer of the glove is produced by preparing a sufficient amount of the
solvent-based dielectric silicone, pouring it over the mold, and letting it dry and cure
for approximately one hour. The parts are attached to the glove (fig. 4.28) by apply-
ing small amounts of solvent-based silicone with a brush as glue, letting the solvent
evaporate, pressing the parts onto the glove, and letting the silicone cure.

Figure 4.28.: Partially finished sensor glove on a human hand, with sensor elements and
conductor bundles transfered to the glove surface. A subset of conductive
traces is colored in green and blue for easier identification [296].

28Molto Holzkitt, Bauhaus AG, Switzerland
290BI Kunststoff-Grundierung Spray Transparent matt, OBI Home and Garden GmbH, Germany
30DUPLI-COLOR. 385858 CAR’S, European Aerosols GmbH, Germany
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Electrodes and cable conductors are first cast as flat sheets by spreading solvent-
based conductive silicone over a flat surface with a blade and letting the silicone dry
and cure. Small amounts of the silicone paint formulations can be applied to the
conductive sheets for easier identification during assembly. The parts are then cut
with a cutting plotter® according to the tool paths generated from the CAD model.
Vertical connections between conductive traces and sensor electrodes on different layers
are created by first removing the glove from the mold, filling it with paper, dipping a
needle in solvent-based conductive silicone and repeatedly sticking the needle through
the sensor skin.

The dielectric structures are prepared by first casting a thin layer of dielectric sili-
cone on a flat plastic sheet, then casting the dielectric columns onto the silicone film
using a CNC-milled aluminum mold, and finally covering the dielectric grid with a
second closed dielectric film on the opposite side. The dielectric is cut using the cut-
ting plotter® and glued to the glove. After all parts are assembled and checked for
connectivity using a multimeter or an attached tactile readout board (see figure 4.29),
multiple layers of silicone paint and clear conductive silicone as varnish are applied.
The end of the cable extension is glued to a small strip of plastic foil to ensure correct
alignment when attaching the readout electronics. The glove is finally baked for post-
curing. The end of the cable is clamped to a readout board, which is housed inside a
wrist-worn readout module. See figure 4.30 for a photo of the fully assembled sensor
glove.

Figure 4.29.: Tactile sensor glove during assembly with attached readout board for
diagnostics [296].
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Figure 4.30.: Fully assembled tactile sensor glove [296].

4.8.3. Readout module

The sensor glove connects to a readout board inside a wrist-worn readout module (see
figure 4.31). The module is powered by an integrated battery. The board carries an
FPGA3!, analog parts for tactile sensor readout, a radio transceiver®?, an IMU, and
supporting components. The readout module can be worn by a silicone wristband.

Figure 4.31.: Readout module for the tactile sensor glove [296].

The stretchable flat cable is connected to a row of electrodes on the readout board
using a mechanical clamp. The Z-conductive tape used in some of the foil-based sensor
prototypes does not sufficiently adhere to the silicone. The module supports 16 excita-
tion and 16 reception lines for reading tactile matrix sensors. The digital amplification

31LFE5U-12F-6BG256C, Lattice Semiconductor Corporation, Hillsboro, OR, USA
32nRF24101, Nordic Semiconductor, Trondheim, Norway
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scheme in section 4.7 results in excessive power consumption. Thus, for the battery-
powered glove readout module, discrete analog low-pass filters and analog amplifiers®?
are added to the excitation paths. Excitation amplifiers are powered by a 30V boost
converter and the FPGA is powered by a 1.2V buck converter. Both the excitation
and reception paths include series resistors for current limiting. The reception paths
feature additional diode arrays to protect against short circuits between excitation and
reception lines. The battery is managed by an on-board battery controller and can be
charged via a USB-C port. The USB port can also be used for programming of an
on-board SPI flash and for JTAG debugging. A common USB bridge IC3* is used for
compatibility with existing open-source programmers and debuggers [243, 152]. Sensor

data can be transmitted wirelessly via a radio transceiver32.

4.8.4. Experiments

The sensor glove is worn on a human hand while handling several objects and tools.
Tactile sensor readings are recorded together with corresponding images from an RGB
camera. The tactile readings are projected onto the original CAD model with bicu-
bic interpolation [101, 165] and rendered using a colormap (as in figure 4.25). See
figure 4.32 for results. During this experiment, the glove is functionally complete but
not yet painted, partially revealing the internal circuitry.

Grasping the handles of a set of pliers, a knife, manual screw drivers and an electric
screw driver leads to responses at the contacts. When lightly touching the trigger
of the electric screw driver with the first finger, the corresponding sensor cells show
a weak response. When pressing the trigger further to activate the screw driver, a
stronger response can be observed. At first perhaps surprisingly, a similarly strong
response can be observed at the ball of the thumb (figure 4.32, bottom-left). The
force exerted by the first finger while pressing the trigger has to result in an equal
counteracting force [135].

33TLV9362, Texas Instruments, Dallas, TX, USA
34FT232HL, Future Technology Devices International Ltd., UK
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Figure 4.32.: Tactile measurements (2nd and 4th column) captured from a human hand
with corresponding photos (1st and 3rd column) while handling a set of
pliers, a knife, manual screw drivers and an electric screw driver. Images
in row 1 and 2 first published in [296].

In order to qualitatively validate material properties, multiple fingers are each
stretched to multiple times their original length as shown in figure 4.33. The trials
are performed with a fully assembled and painted glove. When released, the fingers
return to their original shape and the sensor cells remain functional. The following
experiments are performed after the stretchability tests.
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Figure 4.33.: The teaching glove, including conductors and sensors, is completely made
from highly stretchable silicone rubber [296].

Tactile sensor output is compared to force measurements from a commercial force-
torque sensor®®. While wearing the sensor glove, a human repeatedly presses the first
finger against the force-torque sensor and forces are recorded together with tactile data.
See figure 4.34 for tactile recordings from three adjacent cells and forces measurements
over time. The tactile readings track the measured forces with little drift or hysteresis.
Measurements from cell 142, which is closest to the contact and shows the strongest
response, agree with force measurements with a correlation coefficient [181] of 0.99.
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Figure 4.34.: Readings from three different sensor cells on a tactile sensor glove with
corresponding force measurements while repeatedly pressing against a
force-torque sensor with the first finger [296].

The experiment is repeated with lower contact forces of approximately 0.25N. For
both sensors, the filter bandwidth is configured to 5Hz. Figure 4.35 shows measure-
ments from a single tactile cell at the contact and from the force-torque sensor over
time. Compared to the commercial force-torque sensor, the tactile sensor shows a
similar or lower amount of noise and drift.

35 ATT Mini45, ATI Industrial Automation, USA
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Figure 4.35.: Tactile readings and corresponding force measurements while lightly
touching a force-torque sensor with the first finger [296].

Slowly increasing and decreasing pressure is applied with the first finger against the
force-torque sensor while wearing the sensor glove. Figure 4.36 shows tactile readings
for 5 different sensor cells plotted against force measurements. The response can be
approximately modeled as a linear relationship (figure 4.36, red). The tactile cell
closest to the contact point (cell 142) shows a relative non-linearity [47] of 0.039.
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Figure 4.36.: Response (blue, green) of five different tactile cells for slowly increasing
and decreasing forces with linear approximation (red). [296]
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5. Multimodal demonstration capture

During teaching by human demonstration, visual observations and tactile data are cap-
tured and pre-processed to obtain spatio-temporal reconstructions for efficient learning,
interpretability and human-to-robot transfer. The measurements can be corrupted by
noise, outliers and occlusions, which should be suppressed during the reconstruction
process. However, the tasks should still be learned from demonstration data without
forcing the user to explicitly build geometric object models.

5.1. Related work

Motion capture has become a frequently-used tool in many fields from entertainment
to robotics. Motions of humans and objects can be captured using active LED markers
and line cameras [244] or webcams [161]. Hand motions can also be recorded using
colored spherical markers and webcams [154] or other wearable devices [164, 245, 155].
Known two-dimensional patterns can be used to track motions in three-dimensional
space using only a single camera and to improve unique identification [156, 200, 141,
190]. An early approach towards reducing obstruction by discrete markers uses a
multi-colored glove and machine learning with a nearest-neighbor method [191]. Deep
learning can detect keypoints on humans without markers or gloves [120, 118, 173,
194, 9, 134, 131]. These can be used to regress articulated hand poses [160, 143,
177, 207, 147, 23, 15]. Visual feature detectors and descriptors can also be designed or
trained to recognize stable keypoints on objects [119, 159, 44, 43, 246]. Several existing
datasets are available with visual recordings of human object manipulation [121, 247,
139]. Methods can be extended beyond pure motion capture to also include other
modalities. Performance capture records body movements together with voice and
facial expressions for animation and game development [248, 249]. Some works record
tactile or force data using hand-held gadgets [199, 200, 193, 66]. Other combinations
include vision and IMUs [121] or RGB cameras with IMUs, a smart watch and a fitness
tracker [247].

5.2. Low-cost visuo-tactile data recording

As a first low-cost prototype for a visuo-tactile teaching setup, the fabric-based glove
prototype from section 4.2.1 is combined with a webcam, object instrumentation and
fiducial markers. Both the object and the glove are equipped with metal fins and
Aruco tags for motion tracking. One marker is placed at the tip of each finger and
can be used to track position and orientation. The camera is calibrated and localized
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using an Aruco board [156]. See figure 5.1 for a visuo-tactile recording of a bottle-
opening task. A human approaches the object with a hand, performs repeated turning
motions to open the lid, grasps it, and places it next to the bottle. The data can be
used to successfully train a robot (see section 7.6.7). However, the object has to be
modified with tracking markers and electrodes, the single-camera setup is susceptible
to occlusions, and the workspace is further restricted by the resolution of the webcam
and the resolution required to identify the fiducial markers. With a 720p webcam, the
usable workspace is approximately 40 cm wide. Additionally, the method suffers from
noise and outliers. Figure 5.1 shows noticeable outliers along the Z-axis. Limited frame
rate and motion blur, and the reliance on spatial patterns for marker identification,
also limits velocities, requiring two minutes for demonstrating the bottle opening task
(figure 5.1). Faster motions result in failures to detect and identify the fiducial markers
due to motion blur.
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Figure 5.1.: Human fingertip positions (top-left, right) and tactile data (bottom-left)
recorded using a glove with passive markers and fabric-based contact sen-
sors for a bottle opening task.

5.3. Robust marker-based trajectory reconstruction

In order to increase temporal and spatial resolution as well as the workspace, hand
motions are captured with a Phasespace Impulse X2 motion tracking system [244]. A
glove is equipped with eight LEDs as tracking markers, one at each fingertip, one at
the base of the hand close to the wrist, one at the base of the first finger, and one at
the base of the little finger. The markers are observed by 10 pairs of perpendicular
high-resolution line cameras. The line cameras are arranged around a table with a
size of approximately 1.2m x 1.2m. The motion tracking system can output raw 1D
observations from the line sensors and 3D reconstructions. While less noisy than the
data obtained using the webcam and fiducial markers in section 5.2, the 3D recon-
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structions still suffer from gaps and outliers (see figure 5.2). The problem remains
even after re-calibrating the system multiple times. Motion reconstruction is therefore
performed directly from the 1D line camera detections via trajectory optimization.

Figure 5.2.: Hand pose reconstructions using only the original software (left) and using
the proposed trajectory optimization method (right).

For each marker ¢ and time step t, a position vector P,,;; is optimized. Each line
camera j is modeled by a position vector P, ;, an orientation ¢ ; and polynomial dis-
tortion coefficients d;1. Camera orientations are represented as rotation matrices and
rotational derivatives as 3D rotation vectors. Observations O;;; consist of positions
on the line sensors. Errors er;;; between observations O;;; and projections J;;; of
reconstructed positions P;; are minimized via a robust [87] loss function Lp,;; with

smoothness §. )
(QCJ_ (Pmit — ch))o

Jiij = A (5.1)
(QC]‘ ! (szt - ch))2
eRrtij = Jrij + Zdjkoti?k — Oy (5.2)
k
1 .
senii? i len] <3
Lryij = (5.3)

1
d <||€Rm‘j|| — 252> otherwise

In order to fill gaps and reject outliers, additional kinodynamic terms are added.
Regularizers Ly ;; and L 4;; promote continuity and smoothness. A shape loss Lg;;;
is applied between adjacent joints with indices ¢ and .

dPmit\> 2P\ dPpic  dPmic\>
Lvu=< dtt> LAit:( 72 t> LSilt:( dtt_ dtlt) (5.4)

The reconstruction process minimizes a time integral over a weighted sum of the
above loss terms with weights wy,. For initial calibration, not only the marker positions
P, but also the camera parameters P.,Q¢,d are optimized.

min =Y / wriLy +wpaLla+ Y wroLreij+ Y wrsLsi (5.5)
PTVL[7P01QC7d] i t ] 1
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The trajectory optimization problem is solved via sequential least squares. While
computationally more expensive and currently not realtime capable, the trajectory-
based reconstruction method can successfully suppress outliers and fill short gaps from
finger occlusion in demonstration trajectories. See figure 5.2 for examples of artifacts
in the original triangulations and solutions from trajectory optimization.

The trajectory optimization method can be used to obtain demonstration trajec-
tories without gaps or outliers for dexterous manipulation tasks. See figure 5.3 for a
recording of a similar bottle opening task as in section 5.2.
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Figure 5.3.: Hand motions reconstructed via trajectory optimization for a multi-
fingered bottle opening task. Trajectories are plotted in 3D (left) and
as coordinates over time (right).

5.4. Multimodal sensor system

Hand motions should be recorded together with visual observations of the objects and
measurements from the sensor glove. All modalities should be accurately synchronized.
An FPGA-based multimodal data acquisition system is developed, consisting of multi-
ple camera modules, a central hub module and a radio module for communication with
the glove. To simplify setup for robot teaching, each peripheral module is connected
to the sensor hub via a single cable carrying power, data and synchronization signals.
Region of interest and resolution of the camera readout can be changed at runtime
while maintaining accurate synchronization, allowing the field of view to dynamically
follow the hands of a human teacher along with the sensor glove.

The modules are connected using regular RJ-45 cables. Data is transferred via two
bi-directional LVDS (low-voltage differential signaling) lanes. The remaining wires are
used for power supply. Since bandwidth usage can be highly asymmetric, such as
for downstream camera images and upstream configuration and synchronization, data
transfer is performed in half-duplex mode. Each module is equipped with an FPGA!
and SPI flash memory for configuration. A JTAG port is provided via a 5-pin JST

1LFE5U-12F-6BG256C, Lattice Semiconductor Corporation, USA
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SH connector? for programming and diagnostics. The VLSI design is developed in
Verilog and synthesized using the open-source tools Yosys [237], Project Trellis [238]
and NextPNR [169)].

The hub module (figure 5.4) features eight RJ-45 connectors for sensor communi-
cation. Power to the sensor modules can be disabled for efficient standby and device
reset during development. The sensor hub connects to a host computer via USB-3
SuperSpeed. The USB connection is implemented using an FT6013 IC. A custom
driver with ROS [250] integration is developed in C++ using libusb [251]. The driver
is partially based on existing documentation and open-source driver development ef-
forts [252]. Each RJ-45 and USB port is equipped with high-speed TVS (transient
voltage suppressor) arrays® for protection and with addressable status LEDs®. Syn-
chronization signals are generated directly on the sensor hub by the FPGA using an
on-board reference oscillator®.

Figure 5.4.: Sensor hub with exposed circuit board (left, middle) and installed for data
recording (right).

Each camera module (figure 5.5) is equipped with a 5MP MT9P001 image sen-
sor [253]. The sensor is selected for good sensitivity to minimize motion blur, reso-
lution and framerate, publicly available documentation, and to avoid licensing issues
regarding proprietary protocols used by other sensors [253, 254, 255, 256, 257, 258,
259, 260]. A RAM IC7 is added as a framebuffer for experimentation with onboard
processing and for efficient bandwidth usage. Image data can be transferred not only
during sensor readout but also during exposure. In order to still allow for each frame to
be triggered individually with minimal protocol overhead over a single half-duplex con-
nection, the synchronization packets from the sensor hub to the cameras are scheduled
to be sent between subsequent frame transmissions while the previous frame is still
being captured. Each synchronization packet contains fields for resolution and region
of interest, allowing the field of view to be changed dynamically while maintaining ac-

2J.S.T. Deutschland GmbH, Germany

3FT601, Future Technology Devices International Limited, UK

4PESD4USB5U-TBS, ESD protection for high-speed interfaces, Nexperia BV, Netherlands
5SK6805 SIDE-G, Shenzhen Normand Electronic Co.,LTD, China

6X053 Series Oscillators, 40.000 MHz, Euroquartz Ltd., UK

7APS6408L-OBM-BA, AP Memory, Zhubei, Taiwan
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curate synchronization. The radio module is equipped with a wireless transceiver3? for
communication with wearable devices such as the sensor glove. Complex impedance
measurements from the tactile sensor glove are compressed via a shared-exponent en-
coding (similar to [261]).

|'%

Figure 5.5.: Camera modules installed in a multimodal recording setup (left) and in-
ternal circuit board (middle, right).

The wired modules of the multimodal sensor system are mounted on a cube-shaped
metal frame. Seven cameras and one radio transceiver are attached to the top and the
sensor hub is mounted at the side. The upper-front metal bar is shifted backwards by
approximately one third of the side length for easier access. The lower front and rear
beams are recessed downwards to align with the table surface and to prevent sliding.
A first prototype is assembled with a size of one cubic meter. For later experiments,
the size is reduced to a side length of 80 cm, allowing the recording setup to fit onto
common office desks.

5.5. Multicamera calibration

The cameras are calibrated using an Aruco board [156], a checkerboard pattern with
additional fiducial markers for identification. Monocular initial guesses are estimated
using an existing camera calibration routine [262, 206]. The solution is further refined
via bundle adjustment [186] across all cameras and observations. To facilitate inte-
gration with subsequent processing steps, camera model and bundle adjustment are
implemented using the optimization framework introduced in chapter 2.

5.6. Markerless vision

Hand motions are reconstructed through a combination of neural keypoint detection
and trajectory optimization. An existing image recognition network detects 21 key-
points on each hand [120, 118]. The same reconstruction method is used for glove
and hand tracking. Since the network is trained mostly on bare hands, a hue filter is
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first applied when using the sensor glove. The previous reconstruction method from
section 5.3 is adapted for 2D image sensors and extended with an articulated hand
model. The same model [242] is used that also serves as a reference for constructing
the sensor glove (section 4.8).

During a first initialization phase, a linear equation is solved for each hand keypoint
with at least two simultaneous observations to find a 3D vector that minimizes squared
distances to corresponding observation rays. All finger joints are initially fixed and a
single least-squares estimate for the wrist pose is found using the Kabsch algorithm [95,
188]. Hand pose and joint angles are then optimized together for each hand and time
step to obtain sequences of articulated kinematic hand pose estimates. During occlu-
sions, wrist poses and joint angles are linearly interpolated. Kinodynamic trajectory
optimization is performed using the kinematic estimates as an initial guess to avoid
local minima. Squared reprojection errors [61, 186] are minimized together with joint
limit penalties and regularization terms. A smoothness regularizer minimizes Carte-
sian jerk at each joint via a quadratic loss for bridging occlusions and to reduce noise.
Additional diagonal regularization is added for stability.

Objects are represented as 3D point features. Relationships between the point
features are learned at a later stage together with the manipulation task from the
demonstration data. 2D point features are detected in RGB images from the camera
system, matched and triangulated. First experiments are performed with a MobileNet-
based [263] architecture and transfer learning. A three-layer decoder maps embeddings
to keypoint heatmaps. Input layer and hidden layer in the decoder contain 32 neurons
each and use TanH activation. The output is resampled to the original image resolu-
tion through bicubic interpolation [101] and local maxima are interpreted as keypoint
detections. Keypoints are marked in a small subset of images and a new linear decoder
layer is trained to detect the keypoints (see section 7.6.6). In later experiments, the
network is replaced with a different architecture based on U-Net [157] using skip con-
nections for accurate localization and further data augmentation. The model consists
of 12 convolutional layers with a receptive field of 3-by-3, increasing and decreasing
channel counts from 32 over 256 to 32, ReLU activation [57] and max pooling [198].

5.7. Tactile projection

Tactile measurements from the sensor glove (section 4.8) are projected onto the hand
motion reconstructions using the glove model (section 4.8.1). Not directly connected
tactile elements are padded to avoid interpolation artifacts. The hand model is brought
into the same pose as the glove model and coordinates of the sensor elements in the
readout matrix are projected onto the hand model. These tactile coordinates are saved
as additional vertex attributes. During reconstruction, the position of each vertex is
estimated [122] using the bone indices and blend weights from the underlying Make-
Human model [242]. Corresponding tactile data is interpolated by sampling the tactile
sensor matrix using the tactile vertex coordinates with bicubic interpolation [101].
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5.8. Experiments

The multimodal sensor system (section 5.4) is used to record human demonstrations
of object manipulation tasks. The data is processed as described in sections 5.5, 5.6
and 5.7 to create 3D reconstructions.

During a one-handed bottle opening task, the object is held via a power grasp while
the lid is turned using the thumb. As the thumb moves from the left to the right, a
rolling contact moves around the tip of the thumb from the right to the left. The other
fingers maintain stable grasping forces. Tactile noise and drift from the sensor glove
are considerably lower than the interaction forces.
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Figure 5.6.: RGB images are recorded together with tactile measurements from a sen-

sor glove (top). Reconstructions are rendered using the hand model (mid-

dle) with tactile activations (red, yellow, white) and plotted over time

(bottom). Correspondences between images (top, middle) are indicated
in the plot (bottom) as dotted gray lines. Figure first published in [296].
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Bimanual demonstrations are recorded for an assembly task. A small camera mod-
ule® with a flexible cable is installed on a circuit board. An image sensor and lens
assembly with a size of approximately 6 mm x 6 mm is located at one end of the cable
and a board-to-board connector is located at the other end of the cable. The circuit
board features a second matching board-to-board connector. The camera module is
picked up via a precision grasp with one hand at the opposite end of the connector and
placed above the circuit board to align both connectors. The connectors are pressed
together with the first finger of the other hand. If the connector is inserted correctly,
the circuit board can be lifted by the installed camera module.

Figure 5.7.: Camera images (left, middle) and tactile data (right) for an assembly task.

The task is demonstrated with one glove and one bare hand as shown in figure 5.7.
Hands are switched to capture tactile data for both grasping the camera module and
for pressing on the connector. See figure 5.8 for renderings of the 3D reconstructions
and figure 5.9 for plots of the reconstructed trajectories and tactile recordings. The
average deviation between reconstructed object feature positions and observation rays
is 0.2mm and the average reprojection error is 1.8 pixels.

—

Figure 5.8.: Human hand pose reconstructions and object keypoint positions for a bi-
manual assembly task.

The reconstructed trajectories start with parallel fingertip motions during an ap-
proach phase while the objects remain stationary. The system is able to capture small
opposing finger motions during the grasping phase. While fixing the connector, ob-
ject features are temporarily occluded. The tip of the first finger of the other hand

80V7660 1/6 lens, ModuLink UG, Germany
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is detected close to the last detected positions of the occluded object features. The

tactile sensor glove can successfully capture the grasping and insertion forces despite
the small object size.
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Figure 5.9.: Motions and tactile data are captured for a bi-manual assembly task and
plotted over time. A camera module (blue) is first grasped with the right
hand and fixed onto a circuit board (green) with the left hand (left col-
umn). Hands are switched during a second demonstration (right column).

60



6. TEACHABLE ROBOT WORKCELL

6. Teachable robot workcell

Facilities for multimodal teaching by human demonstration and for robotic task exe-
cution are integrated into a single self-contained workeell (figure 6.1). The box-shaped
frame houses a robot with two end-effectors, control circuitry, a radio transceiver for
wireless teaching devices, lights and a multi-camera system. Translation is imple-
mented using linear rails. These are complemented by additional rotary axes at the
end-effectors. All axes support position, force and impedance control. The hardware
is designed to balance speed, precision, low cost and ease of setup.

Figure 6.1.: Integrated multimodal workcell for teaching by human demonstration and
robotic execution.
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6. TEACHABLE ROBOT WORKCELL

6.1. Related work

Machines such as CNC mills, printers and 3D printers are frequently offered as fully in-
tegrated desktop devices, in some cases featuring box-shaped enclosures [97, 264, 265,
266]. The same form factor is used successfully in various environments from individ-
ual home use over small businesses to large-scale industrial 3D-printing farms [267].
Products currently offered as industrial robots are typically individual robot arms with
low-level control units [268, 269, 166]. Some offerings include cabinets, tables or part
holders [270, 271]. Advanced uses such as dexterous object manipulation require the
integration with additional sensors and end-effectors [272, 142, 273]. Mobile robots,
robot dogs and humanoids can include cameras or LiDAR, but the designs focus on
inside-out sensing [5, 123, 274]. Humanoid robots typically feature two arms [123, 274].
Some robots with single end-effectors are advertised as desktop robots [275, 276], but
do not include advanced sensors and end-effectors, nor built-in support for teaching
by human demonstration.

Fully articulated robot arms with only revolute joints can require high actuator
torques and frequently use strain wave gears for high reduction ratios and low back-
lash [4, 166, 268, 269]. 3D printers typically use stepper motors and toothed belts for
the horizontal axes [264, 265], offering accurate and fast position control at low cost.
Some industrial robot designs integrate toothed belts as intermediate gear stages [277].
Recent robot actuators for dynamic interaction through contacts employ BLDC mo-
tors with low reduction ratio planetary gears, offering fast motion and torque control
via motor currents, but can suffer from backlash [99]. BLDC motors can be controlled
smoothly and efficiently using feedback loops and combinations of sine waves [145,
174, 19].

Robot gripper designs typically feature two or more forward-facing fingers [81, 36].
Linear profile rails can offer a cost-effective solution for mounting robot fingers with
low backlash [36]. Antagonistic grasping motions can be generated via a spiral cam
mechanism [278]. For humanoid systems, it can be challenging to integrate separate
motors for all joints inside the hands. Tendon drives, however, can suffer from friction,
slackening and wear. This can be countered with antagonistic systems at the expense
of additional motors [70]. Other designs use underactuation with less motors than
joints [112]. During manipulation, robot fingers can partially or fully occlude objects.
While small occlusions can have little to no effect, large occlusions can significantly
degrade performance [59, 187].

6.2. Robot design

The robot is housed in a box-shaped aluminum frame with a footprint of 80 cm x 80 cm
and a height of approximately 70 cm (figure 6.2, center). The multimodal sensor system
developed in section 5.4 is mounted on the beams at the top. The robot arms can move
along linear profile rails'?. Rails on the left and right of the frame let the robot move

1Linearfithrung MGN15H 600mm, anzado GmbH, Germany
2MGN15, DOLD Mechatronik GmbH, Germany
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back and forth. A shared perpendicular rail with two independent carriages let the
arms move left and right. An additional vertical linear axis on each arm permits lifting
and lowering the end-effectors. The end of each arm features a revolute wrist joint.
The robot is constructed mostly from aluminum and steel.

Figure 6.2.: Mechanisms for X and Z axes (left), CAD model for construction, visual-
ization and control (center), arm with gripper (right).

S

Figure 6.3.: X-axis motor with encoder (left), X-axis motor with pulley, idler and drive
belts (2nd from left), Y-axis drive with encoder (2nd from right), Y-axis
tensioner (right).

All axes are driven via BLDC motors and toothed belts [60], with larger motors®
and 10mm wide belts for the linear axes (figure 6.2, left), and smaller motors* with
6 mm wide belts for the gripper and rotary axes. The X axes of the two arms are

3Brushless DC Motor 57BL, ACT Motor GmbH, Germany
4Brushless DC Motor 42BLF, ACT Motor GmbH, Germany
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driven via two parallel belt loops (figure 6.3). The drive belts for the Z axes lead
around upper and lower return pulleys for an additional 2-to-1 reduction (figure 6.2,
left). The rotary axes are driven via a 5-to-1 reduction with 16 teeth on the motor
shaft and 80 teeth on the output shaft (figure 6.2, right).

The original digital hall sensors pre-installed on the motors for trapezoidal commuta-
tion are removed. Instead, the motors are retrofitted with diametrical encoder magnets
and custom encoder boards with 15-bit absolute encoders® for sinusoidal commutation
and accurate position measurement (see figure 6.3).

The gripper consists of a brushless motor, a mechanical transmission and exchange-
able fingers. Each finger is made from a single piece of steel and features a widened
tip at one end, a flat mounting plate at the base and a thin connecting rod from the
base to the tip in order to minimize visual occlusion. Each finger is mounted on a slid-
ing carriage with a linear profile rail. A circumferential timing belt drives the fingers
along opposite directions from a central motor shaft. The drive belt runs around fixed
idlers on one side and through a tensioner with two additional idlers on the other side
around the motor pinion. Vertical beams transmit force from the belt to the fingers.
See figure 6.4 for images of the fingers and drive mechanics. The gripper is mounted
on one of the arms. For the current prototype, the other arm is equipped with a single
rotatable finger.

Figure 6.4.: Gripper head before installing the motor and tensioning the drive belt.

A central control board integrates an FPGAS, a USB interface” and digital isolators®.
The USB interface is used to exchange commands and sensor data with a host computer
and provides access to an additional JTAG port for programming and diagnostics.
The motors are connected to the FPGA via driver boards with H-bridges as well as
amplifiers and ADCs for current sensing. External pullups are added to activate motor

5A1333, Precision, High Speed, Hall-Effect Angle Sensor IC with Integrated Diagnostics for Safety-
Critical Applications, Allegro MicroSystems, USA

SLFE5U-12F-6BG256C, Lattice Semiconductor Corporation, USA

"FT2232, Future Technology Devices International Limited, UK

8Quad-Channel Digital Isolators, Analog Devices, Inc., USA

64



6. TEACHABLE ROBOT WORKCELL

braking in case of connection failure. The FPGA implements encoder and current
readout, low-level filtering, sinusoidal commutation, symmetric PWM modulation and
a watchdog timer. Driver software on the host computer integrates the robot with
ROS [250] and ros_ control [37].

6.3. Experiments

The gripper is first tested in isolation. A position controller is loaded and the fingers
are commanded to open and close repeatedly. The gripper is monitored via joint
position measurements, a camera and a microphone. The gripper can fully open and
close 10 times per second. A folded piece of tissue paper is placed between the finger
tips and the gripper is commanded to hold a fully closed position. The gripper can
be lifted off the table by the object. The gripper is switched to effort control and
programmed to apply small alternating efforts with a frequency of 0.2 Hz. The gripper
fully opens and closes. If a blueberry is placed between the tips, the fingers stop and
the fruit can be lifted without piercing the skin as shown in figure 6.5. The robot
fingers can be stopped or backdriven by human hands.

Figure 6.5.: Grasping a blueberry with compliant control.

The gripper is mounted on one of the arms. The watchdog timer is configured for
a timeout of 10ms. If the USB cable is unplugged or the control node is terminated,
the robot stops without noticeable delay. Motor braking is activated and the Z-axes
gently descend, from an elevated position over the course of multiple seconds. A PID
controller with a weak proportional term and a narrowly clamped integral term is
loaded. All joints can be passively backdriven by a human. If released, the encoder
measurements return to the commanded positions within 0.1°.

Cartesian precision is evaluated by programming the robot to repeatedly drive
against a dial gauge (see figure 6.6). After each measurement, the robot breaks contact
with the measuring tip. Robot axes are first moved individually by 60 ° for revolute and
1 em for prismatic joints. For the horizontal Y-axis, the measurements are taken at the
wrist (i.e. top of the gripper motor) and for vertical, gripper and revolute joints, the
measurements are taken at one of the finger tips. Additional tests are performed with
larger random distances and simultaneous motions along the X, Y and Z axes. During
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each trial, the robot is moved into two different randomly selected poses. Horizontal
positions are chosen from in interval of 10 cm and vertical positions are chosen from an
interval of 8 cm. The experiments on individual axes are each repeated 12 times and
the randomized experiment is repeated 10 times. It has been suggested to quantify
robot precision via standard deviations or three-times standard deviations [90]. See
table 6.1 for results.

Figure 6.6.: Various parts of the robot are repeatedly driven against a dial gauge to
evaluate precision.

Joints End-effector 3o 1o (std. dev.)
Y wrist 0.03 mm 0.009 mm

7 finger tip 0.05 mm 0.015 mm
Wrist finger tip 0.014 mm 0.0047 mm
Gripper finger tip 0.02 mm 0.0065 mm

X, Y, 7Z wrist 0.07 mm 0.023 mm

Table 6.1.: Repeatability for different joint combinations and end-effectors.
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7. TEACHING DEXTEROUS MANIPULATION BY HUMAN DEMONSTRATION

7. Teaching dexterous manipulation by
human demonstration

This chapter introduces a machine learning framework for teaching dexterous manip-
ulation tasks by demonstration with human hands in the real world. Contact infor-
mation is captured using instrumented gloves. The learned behavior can be rolled out
recursively as neural simulations for evaluation prior to execution. During execution,
limited-horizon trajectories are generated from the neural network and transferred
to robot models through online trajectory optimization while enforcing kinodynamic
limits and collision avoidance. Experiments are performed using the robot workcell
(chapter 6) and on humanoid hand-arm systems.

7.1. Related Work

Some collaborative robots support teach modes in which the robots can be physically
pushed by humans into different poses [269]. The poses can be saved and used in robot
programs as waypoints. These programs are typically created by writing instructions
in a scripting language [279] or by composing a list or tree of pre-defined operations
via a graphical user interface [269].

It is also possible to record dynamic motions from humans through motion capture
or from robots using teach mode or teleoperation. These recordings can be split into
segments, labeled and annotated as rhythmic or discrete. The annotated segments can
be used to create motion primitives and adapted by higher-level programming [88, 144,
30, 48, 67, 38]. Robots can be teleoperated using special input devices [22, 66, 280, 56,
245, 80, 18, 155] or via cameras and human motions [115, 114, 113, 76, 9, 92, 106, 94].
Artificial neural networks can be trained via backpropagation with motion and force
data from instrumented tools for manipulation tasks such as peg-in-hole insertion [41,
103]. Some works use separate unimodal networks [41]. Studies suggest that sensor
fusion can be improved through early integration during learning [41]. Robot hands
can be trained by teleoperation in simulation [91, 151]. Learning from demonstration
can also be formulated as identifying goals or cost functions [1].

Recent works model imitation learning as denoising tasks [176, 83] to handle one-to-
many mappings [35]. Diffusion policies can be conditioned on camera images, motion
trajectories or point clouds [35, 56, 36, 202]. Noisy actions are provided as additional
inputs and the networks are trained to reduce noise in the action space [35, 176, 83].
The demonstrations are performed on the robot via teleoperation [56, 36]. Human
motions can also be used to guide learning in simulation [148, 151]. Random resets to
poses from motion capture can accelerate convergence [148]. Some learning, analysis
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and control methods for walking use simplified point-based models [27, 195]. Motions
can be adapted according to robot kinematics, dynamic constraints or for collision
avoidance through numerical optimization [167, 208, 74, 96, 179, 170, 98].

7.2. Learning methods and architectures

Manipulation tasks are learned from multimodal observations of human demonstra-
tions. An artificial neural network Ny maps an input subset O;_4; ; of observations
O;_4¢ from one time step to an output subset Oy o of observations O; from a following
time step.

Ot—dt,1 € Ot—gy O:0 € Oy Nyt : Op—gr,r — Ot 0 (7.1)

During training, the inputs are corrupted by artificial noise R and the neural network
N7 is trained to predict observations with reduced noise.

Ot0 = Ny (Ot—ar,r + R) (7.2)

The observations include a set of 3D keypoints. During learning, each keypoint
represents either a human hand keypoint or a point on an object. During execution,
each keypoint represents either a point on an object or is mapped to a point on a robot
model. For robot execution, a receding-horizon controller optimizes robot commands
to match outputs from the neural network. The behavior can also be executed as
neural simulations through recursive feedback of predictions as inputs. In both cases,
at each time step t, a set Cp; of consistency constraints cp¢ is applied.

Veor € Cot & cot ; 0 (7.3)

In overconstrained cases, a least-squares solution is used.
. 2
min 4
in 3 o (74)
co€Co
The solution should match outputs from the network. Keypoint positions P;; should

be consistent with keypoint velocities V;;.

X —Vii € Coy (7.5)

7.2.1. Feed-forward architecture

The feed-forward network receives a list of positions and velocities for object and hand
keypoints as input. The input data is flattened into an input vector. This input vector
is then fed through a stack of five dense layers with ReLU activation [57]. The first
layer consists of 2048 units and the three inner layers are made up of 512 units each.
The final layer has three neurons for each hand keypoint to generate 3D velocities.
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7.2.2. Denoising

The learned behavior should adapt to changed object positions and correct for drift.
Additionally, control errors might accumulate over time as increasing state errors. The
network should thus be able to compensate for such errors. Random noise is added to
the inputs and the network is trained to remove part of the noise. The noise is added
to the input positions P; but, scaled by a denoising factor, subtracted from the target
output velocities V. Since velocities are produced as outputs, which are already fed
back to future input positions, the same output channel can also be used for denoising.

The learned behavior should ideally be robust to large perturbations but also be
capable of precise control. Gaussian noise with a large amplitude might cause the
network to overfit to denoising and neglect fine control. A small noise amplitude
might fail to generalize to larger perturbations. The denoising is therefore controlled
by an exponential scaling factor. A random exponent Ry ; is drawn once for each
training sample at time ¢ and a constant base is raised to the random exponent.
Added Gaussian noise Ry is scaled by the resulting factor and a constant gain f,.
If only velocity outputs are used for motion generation, these should be perturbed
accordingly.

Priid =Priia+Rygiia-bRve (7.6)

Vouiid =Vortia—Rziia b0 f, (7.7)

sbyly

7.2.3. Position representation

Position invariance can be introduced through normalization. For each time step,
the arithmetic mean of all hand point positions can be computed and used as a 3D
reference point. Position vectors can be fed to the neural networks relative to the
reference point, subtracting the reference point from each input vector. However, in
some cases, such as bimanual manipulation, it may be unclear how to choose a single
meaningful reference point. Position information can instead be encoded as pairwise
relative translation vectors P, normalized by squared distance with a small bias €
for stability.

€ Cot (7.8)

7.2.4. Augmentation

During execution, the robot may be located in a different direction from the objects
than the human was during demonstration. The training data can be augmented with
random rotations. Input position and velocity vectors as well as target vectors for
output velocities are multiplied with rotation matrices. For feed-forward networks, one
random angle is drawn for each time step and for a recurrent policy (section 7.2.6), one
angle is drawn for each rollout. The angles are chosen from 0° to 360°. It is assumed
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that gravity can be significant for many manipulation tasks. The random rotations
are thus only performed around the Z-axis i.e. gravity vector.

7.2.5. Masking

Some features or modalities may not always be observable. Visual features can be
occluded. Tactile is only available if a tactile glove is used during demonstration.
Masks are generated with ones for observed features and zeros for missing features.
Inputs are multiplied by the masks after normalization. During training, the residuals
that are used for computing the training loss are multiplied by the mask as well. In
order to maintain support for neural simulations and receding horizon rollouts, masks
are also predicted as outputs together with absolute values, and the corresponding
consistency constraints are masked.

7.2.6. Recurrent architecture

Manipulation can change object states in ways that might not always be immediately
observable. The feed-forward architecture would always map the same observations
to the same robot commands. Recurrent connections are added to allow remembering
previous actions. At the same time, the robot should mainly react to sensor input, e.g.
adapting its motions to observed object positions. The recurrent connections are there-
fore introduced through a separate recurrent branch with dropout and reduced layer
sizes (neural bottleneck). The recurrent branch has three dense layers with 32 input
and 16 hidden units. Keypoint positions and velocities are combined with recurrent
feedback through a concatenation layer. The same outputs from the concatenation
layer are fed into the feed-forward control branch and into the recurrent branch.

7.2.7. Recurrent training

The recurrent policy is trained on whole demonstration trajectories. Output velocities
are integrated over time and fed back to the network as input positions. In order to
accelerate convergence during long-running tasks, the positions are reset to measured
positions from the demonstration data at randomly selected time frames. Feedback in
the recurrent architecture is only reset at the start of a demonstration.

7.2.8. Recurrent denoising

Large recurrent networks can be expensive to train due to vanishing or exploding
gradients and long critical execution paths limiting parallelization. Additionally, long
time integrals, whether from a recurrent neural network or from a feed-forward network
executed in a control loop, can be sensitive to small changes in initial conditions.
Recurrent memory can instead be modeled as an additional sensor modality. The
neural network is trained to predict and denoise recurrent activations together with
original sensor data. Omne output is trained to produce predictions Hp; for current

70



7. TEACHING DEXTEROUS MANIPULATION BY HUMAN DEMONSTRATION

values H; without noise and another output is trained to predict the original noise-free
rate of change dHp,.
Hy — Hp, € Co, (7.9)

H; —Hi,_gt —dHp:dt € Coy (710)

The recurrent activations can be pre-computed. In the current prototype, a single-
layer recurrent network with randomly initialized weights is used. The structure is
inspired by reservoir computing and Euler State Networks [58, 49]. However, it uses
linear activation for simplicity. A sequence of recurrent activations H; is computed
using a scaled random orthogonal matrix W and a normally distributed input matrix
W7 from keypoint velocities V; with occlusion masks my ;. The calculation is performed
both forwards H; y; and backwards H; _; in time.

Vdt € {—1, +1} : Ht+dt = WgrH; +Wimy:V; (7.11)

Ht = Ht,+1 + Ht’71 (712)

7.2.9. Model-based learning

The robot should also learn to automatically adapt contact forces from human demon-
stration data. In a purely feed-forward supervised manner with only a policy network,
forces as inputs and motion commands as outputs, this would require explicit train-
ing examples with incorrect forces being corrected. This could necessitate additional
data collection and the samples with wrong forces that should not be imitated might
may have to be labeled as such, requiring additional human effort during the teaching
process.

Learning to control contact forces can be handled through a model-based approach.
A tactile model receives the same other input modalities as the policy and predicts
contact forces. The model can be trained on the same data recordings as the policy,
but can be sampled for incorrect positions and forces when training the policy. If the
human teacher makes and breaks contacts with an object during demonstration, the
data set has to contain examples for force gradients close to the contact points. Thus,
the tactile model can learn to predict increasing contact forces if the robot or policy
network pushes against an object.

A similar approach can also be used with instrumented objects. Sensors can be
attached to objects during teaching in order to directly measure otherwise hard to
observe state information. The data is used to train an object state model. During
execution on the robot, object instrumentation is not required and the object variables
can be predicted.

Each model network consists of three dense layers with TanH activation. Layer sizes
are set to 64 for the tactile model and to 32 for the object state model. The different
activation function is chosen to provide smooth model gradients during policy learning.
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7.2.10. Tactile control

Tactile control can also be achieved using only a single neural network by predicting
tactile data as an additional output. During robot execution, predicted tactile readings
are added to the control efforts. Tactile recordings may not be available for all hands
and demonstrations. Thus, if unavailable, the tactile loss is masked during training.

7.2.11. Object dynamics

During object manipulation by humans or robots, the objects are controlled only in-
directly through contacts. If accurate object models and complete state information
would be available, the dynamics could be computed via differentiable physics (see
chapter 2), for example by linearizing the dynamics around a current operating point
and calculating a dynamics Jacobian. However, when learning manipulation tasks from
human demonstrations, only partial observations are available. The network is trained
to predict a dynamics matrix Jp; as one of the outputs, which maps hand keypoint
velocities to object keypoint velocities. Input hand velocities V; i are multiplied by
the dynamics matrix to predict object velocities Vo p.

Viorp=JpVinr Vigr € O Vior,Jpt € Ot0 (7.13)

Dynamics predictions Jp; are trained using motion and tactile via a dynamics loss
Lp;. The predicted velocities should match observations V;oo. However, contact
interaction is only possible if a non-zero contact force T} is present. Physically implau-
sible interactions without contact force are minimized together with velocity errors. A
small constant € is added for stability [153].

Lpy=|JptVimr — VtOOH2 + || Jp (T} + 6)0_1”2 (7.14)
During inference, the learned dynamics is included in the constraint set.
[JptVimr —Viool € Cox (7.15)

7.3. Robot setups

First experiments are performed on humanoid robot setups, each combining an indus-
trial robot arm with a humanoid robot hand. During later experiments, the robot
introduced in chapter 6 is used.

7.3.1. Hand-arm systems

As robot arms, a 7-DoF KUKA LBR [166], a 6-DoF UR10 [6] and a 6-DoF UR10e [269]
are used. The arm is equipped with either a Shadow C5 hand or a Shadow C6
hand [272]. The Shadow C5 hand is actuated by pairs of pneumatic muscles, while
the Shadow C6 hand is driven by electric gear motors. In both case, the actuators
are mounted at the forearm and drive the joints through tendons. The distal and
middle joints of the fingers are mechanically coupled. The finger-tips are equipped
with single-channel pressure sensors.
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7.3.2. Pneumatic hand control

Due to incompatibilities between the original control software and current ROS ver-
sions, a custom hardware interface is developed for the C5 hand. The hand connects
to a microcontroller board! via a CAN bus and to the host computer via USB [251].
The original software and firmware setup controls joint positions directly through valve
commands via a PID controller and can lead to increasing pressure buildup when at-
tempting to hold a contact. The new software uses a two-stage PID controller and
is able to hold stable contact forces. A lower-level regulator controls the air pres-
sure inside each muscle according to desired pressure values. A higher-level regulator
controls the joint positions via pressure differentials between antagonistic muscles ac-
cording to a proportional stiffness parameter. The pressure differential is either added
to or subtracted from a fixed bias and forwarded to the lower-level regulators.

7.4. Trajectory control

The learned behavior is mapped to robots through online trajectory optimization.
During each trajectory generation cycle, the neural network is recursively rolled out
over a limited horizon 0...%;, producing a set of Cartesian goal trajectories. A joint-
space robot trajectory with positions Pj;; for m joints and keyframes t € {1...t3}
and joint indices j is optimized to match the Cartesian goal trajectories while enforc-
ing safety and feasibility constraints. The start of the trajectory 1...t; is set to be
constant and equal to the currently executing trajectory to maintain continuity. Joint
positions for the remaining keyframes ¢ty + 1...t, are optimized as free variables.
Motions are remapped by minimizing a sum of squared distances Ly between goal
positions Pgy; and the positions of corresponding points on the robot hand (finger
joints, wrist) according to robot kinematics K over keypoint indices i € {1...n}.

th

Lo= Y > |IPcii— Ki(Pyo)|? (7.16)

t=t;+1i=1

Joint positions Pj;; are constrained to remain within upper Uj;; and lower L ;
joint limits and within a fixed trust region ¢ with respect to joint positions Pj¢;1
during the previous solver iteration.

Lyij < Pjij <Ujtj (7.17)

Pjij1 =0 < Pjij < Pjrij1+96 (7.18)

Joint velocities Vy; and accelerations A s, ; are constrained by velocity limits V¢ ;¢
and acceleration limits A ;v .

~Vitju <Viyt; <Vigu, —Ajju <Asij <Asiju (7.19)

L Arduino Due, Arduino S.r.l., Italy
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The robot poses are further subject to collision avoidance constraints. For the
humanoid robot hands, links are modeled as capsules, i.e. collision spheres at the
joints with connecting cylinders between the joints. The workspace is defined by a set
of planes with normals Ny and positions along the normals Py. In order to prevent
collisions between the robot and the workspace boundaries, the center of each collision
sphere P, is constrained by the radius r; of the sphere and by each workspace boundary
plane N, Ps.

NP < Py—m (7.20)

During later experiments with the teachable robot workeell (chapter 6), an improved
version of the trajectory optimizer is used with full collision modeling. Collision shapes
are defined via primitives, convex polyhedra and convex decomposition [124]. The
shapes are extracted from a URDF file. Closest points and separating axes are initial-
ized using GJK [64] and EPA [17]. Collision constraints are formulated as separating
planes Ny, P, between sets of points P, Ps.

N,P, — P, < N,P, — P, (7.21)

When controlling humanoid robot hands, a data-driven regularizer Ly is added to
prefer natural human-like hand poses. The regularization term uses averages py; and
standard deviations o;; from an existing hand pose dataset [18, 80].

L —Zm: Prij s\’ (7.22)
H= -y .

The trajectory optimization problem is solved through sequential linear-quadratic
programming with a primal-dual interior-point [52, 54, 170, 98] method for the
quadratic programs and LU decomposition [117, 281] for the inner linear equations.

7.5. Implementation

Data collection, processing, learning and robot control are implemented as a set of
packages for the robot operating system ROS [250]. The robot actuators are con-
trolled via roscontrol [37]. The neural networks are implemented in Python [158] using
PyTorch [146], TensorFlow [215] and Keras [282], and are trained using Adam [102].
Movelt [38] is used to load and inspect the geometric robot models and for validating
collision avoidance.

7.6. Experiments

Human demonstrations are collected for multiple different manipulation tasks. The
proposed neural network architectures are trained with the recorded data and the
learned behavior is executed on robots. Tasks are chosen to test different features of
the proposed methods.
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7.6.1. Pick-place task

10 demonstrations are recorded for a pick-place task. A human teacher grasps a
box-shaped object and places it on a rectangular plate-like target. Before each demon-
stration, object and target are moved to new positions and orientations on the table.
The recorded data is used to train a feed-forward policy. In this experiment, both
hand and object motions are tracked using a motion tracking system as described in
section 5.3.

The policy network is first executed as a neural simulation. Observed object poses
and an initial robot state are fed into the policy network as a start state. Outputs from
the neural network are integrated and recursively fed back as inputs. The simulation
mode can be run interactively. As a human moves the objects in front of the robot,
the simulated trajectories track the observed object poses.

Figure 7.1.: Neural simulations for a pick-place task. The learned behavior automati-
cally adapts to new object positions.

The learned behavior is successfully executed on a UR10e arm with a Shadow C5
hand (see figure 7.2). Both objects can be placed in new poses that are not included
in the training set and the motions adapt to the observed poses.
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Figure 7.2.: Executing a learned pick-place task on a robotic hand-arm system.

7.6.2. Wiping task

The feed forward policy is trained with 5 demonstrations of a wiping task. A brush
is grasped, picked up and pressed against a target object while performing circular
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wiping motions. The learned policy is executed on a UR10e arm with a Shadow C5
hand (see figure 7.3). The behavior can adapt to new initial brush and target positions.
Part of the bristles make contact with the target and wipe across the surface.

Figure 7.3.: A robot has been taught to pick up a brush and wipe it across a target.

7.6.3. Bottle task

Figure 7.4.: A robot has been taught to open a bottle.

A single demonstration is recorded for opening a drinking bottle and used to train
a feed-forward policy. As before, the behavior is executed on a UR10e arm with a
Shadow C5 hand. If the control horizon for the online trajectory optimizer is set to
less than half a second, the robot fails to turn the lid. If the control horizon is set to 1,
the task is executed successfully. The robot hand approaches the lid of the bottle and
performs repeated turning motions, rotating and removing the lid (see figure 7.4). The
approach motion can automatically adapt to new initial robot and object positions.

7.6.4. Lab bottle task

One human demonstration is captured using the motion tracking system for opening
a wide-lid chemical bottle. A human teacher approaches the object with a hand,
performs repeated turning motions until the lid is unscrewed, grasps the lid, lifts
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it up, and places it next to the bottle (see figure 5.3). The recording is used to
train the feed-forward architecture and the behavior is executed on a KUKA LBR
arm with a Shadow C5 hand. During a first trial, object perception is simulated by
loading marker positions from the training set and adjusting the pose manually. The
robot hand approaches the object and performs repeated turning motions, successfully
rotating the lid (see fig. 7.5). Since the feed-forward policy does not have memory,
the robot continues to perform turning motions indefinitely, even after the lid has
been unscrewed and could be lifted. The initial robot pose and object position can be
changed and the robot can still successfully approach the object as long as the hand
is positioned mostly above the object with the inside of the palm facing downwards.

Figure 7.5.: A bottle opening task is learned from human demonstration and executed
on a KUKA LBR arm with a Shadow C5 hand.

7.6.5. Recurrent policy

The same demonstration data as before is used to train the recurrent policy for the
bottle opening task. The recurrent policy can successfully lift the lid after loosening
it and place it next to the bottle. The output neurons of the recurrent branch show
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slow oscillations during execution (see figure 7.6). The oscillations are slower than
the turning motions and appear to serve as short-term memory, allowing the network
to implicitly learn when the turning phase has been completed and the pick-place
phase can be initiated, without requiring explicit higher-level programming or sub-
task annotations.
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Figure 7.6.: Recurrent neural activations during a bottle opening task.

7.6.6. Camera vision

Figure 7.7.: A lab bottle is localized with an overhead camera (top) and opened with
a robotic hand-arm system (bottom).
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To enable fully autonomous operation, the visual transfer learning network (sec-
tion 5.6) is trained with 18 images of the robot workspace. 14 of the training images
show annotated observations of the target object (fig. 7.7, top-left) and 4 images
include other objects as negative examples (fig. 7.7, top-right). The task can still be
executed successfully when using the vision network for object localization. Though
the training images are captured under even artificial lighting, the perception can
generalize to changed illumination with sunlight and shadows (fig. 7.7, bottom).

7.6.7. Model-based learning

A new multimodal dataset is recorded for the bottle-opening task using a glove with
fabric-based contact sensors and passive markers (see section 5.2 and figure 5.1), cap-
turing finger tip positions, tactile data and lid pose. The data is used to train the
model-based architecture. The object state model is trained for lid orientation. At
runtime, the fingertip pressure sensors on the Shadow hand are used for tactile sensing.
For increased stability, the network receives a mixture of equal proportions between
predicted tactile outputs from the model network and tactile measurements from the
robot hand. The learned behavior is successfully executed on a UR10 arm with a
Shadow C6 hand. The robot approaches the object, turns the lid multiple times, lifts
it up, and places it next to the bottle, as shown in figure 7.8. The multimodal architec-
ture can adapt the finger motions to incorrect object positions by approximately 2 cm.
Whereas the unimodal architectures occasionally fail to make sufficient contact with
the object, the multimodal model-based architecture performs the task successfully
over a sequence of 10 trials. However, this is not the case if the tactile sensors on the
hand are disabled and only predicted tactile readings are used, or if tactile prediction
is disabled and only tactile measurements from the pressure sensors on the robot hand
are fed to the policy as tactile inputs. While, on an NVIDIA GTX 1080, the recurrent
architecture requires 3 h of training time, the model-based architecture can be trained
within 30 min.

Figure 7.8.: Opening a lab bottle using the model-based learning architecture.
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7.6.8. Bimanual precision assembly

The robot developed in chapter 6 is taught by human demonstration to install a minia-
ture camera module on a circuit board. The task is demonstrated with two hands,
using one hand to grasp and place the camera module and the other hand to fix the
connector (see section 5.8). The board is subsequently lifted by the camera module
to verify correct insertion. 15 demonstrations are recorded. Hands are swapped to
capture tactile data for both grasping the object and fixing the connector using only
one glove. Initial object positions are varied between demonstrations. See figure 7.9
for the initial sample distribution and figure 5.9 for time plots from two of the demon-
strations. The data set is split into a training set consisting of three demonstrations
and a validation set consisting of 12 demonstrations. The training set contains two
tactile demonstrations for grasping the camera module and one tactile demonstration
for pressing the connector. Since the robot gripper is mounted on the left arm (chap-
ter 6), left-handed trajectories are sampled with a probability of 60% and right-handed
trajectories are sampled with a probability of 40% during training. The training set is
augmented by copying and mirroring each corresponding demonstration.
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Figure 7.9.: Initial fingertip (red), circuit board (green) and camera (blue) keypoint
positions in the assembly demonstration data set.

The task is learned from the training set using the methods described in section 7.2
with object dynamics (section 7.2.11), recurrent denoising (section 7.2.8), tactile pre-
diction and pair-wise translation outputs. The behavior is first evaluated in simulated
experiments by recursively feeding outputs back as inputs. Results for the proposed
multimodal method (1) are compared to several baselines (2-10). Each simulation
is initialized with the start state of a demonstration trajectory from the validation
set. The simulated trajectory is evaluated against the demonstrated validation trajec-
tory by computing the average Euclidean distance. For each keypoint and time step
from one trajectory, the closest position for the same keypoint is found in the other
trajectory, the distance is computed, and the distances are averaged over the entire
trajectory. See table 7.1 for results.
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Learning Observed masks Both masks
Method Tactile Memory Hand Object Hand  Object
(1) Multimodal Yes Yes 0.010  0.0021 0.010  0.0021
(2) No tactile No Yes 0.010  0.0024  0.010 0.0024
(3) Single state No No 0.025 0.0044 0.025 0.0044
(4) Time window No No 0.015 0.0029  0.015 0.0030
(5) DMP No No 0.021 0.012 0.021  0.012
(6) Conditional ProMP No No 0.017  0.0082 0.021  0.0082
(7) Simple ProMP No No 0.026 0.014 0.026  0.014
(8) Diffusion U-Net No No 0.022 0.0036  0.022  0.0039
(9) Diffusion Transformer No No 0.017 0.0034 0.019 0.0030
(10) None No No 0.034  0.010 0.034  0.010

Table 7.1.: Distances between simulated trajectories and the validation set using the
proposed learning method (1) and several baselines.

As a first baseline, the tactile modality is removed (2). Recurrent feedback is sub-
sequently disabled as well (3). As an alternative to recurrent denoising, inputs are
extended from a single time step to short time windows with a length of 16 samples
(4). Earlier samples are averaged over lengths of powers of two (8, 4, 2, 1, 1 samples).
An additional naive baseline is created by simply loading and returning one of the
demonstration trajectories from the training set (10).

For comparison with state-of-the-art methods, the data is also used to train dynamic
motion primitives (5,6,7) [88, 144, 48] and diffusion policies (8,9) [35].

The diffusion policies are based on either a U-Net 1D model (8) or a diffusion
transformer (9). The observation space consists of 3D keypoint positions and the
action space of 3D keypoint velocities. Hyperparameters are set to the default values
from the original implementation [283, 284].

While the bottle opening task can not be learned by a single DMP alone due to the
transition from repeating motions to a discrete pick-place action, the assembly task in
this section could in principle be approximated by a DMP. A DMP [88] is trained with
one of the training demonstrations (5). A probabilistic motion primitive (ProMP) [144]
is trained using the entire training set. The ProMP is tested with (6) and without
(7) conditioning on the start state. Occluded features are interpolated [55]. Results
are computed for hand and object keypoints separately as well as with and without
masking by predicted object keypoint occlusion.

If tactile and memory are both disabled (3), motions are stuck close to the start
state. Using a fixed time window (4) instead of recurrent denoising (section 7.2.8)
produces overall similar trajectories to the proposed method (1) but leads to reduced
accuracy when adapting to new positions. The DMP (5) varies the initial approach
trajectory but afterwards fails to adapt trajectories further. The conditional ProMP
(6) generates different trajectories depending on the initial state but suffers from high
validation errors. If the number of DMP/ProMP weights is increased, simulations are
stuck after the initial pick-place phase. The naive baseline (8) and the non-conditioned
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ProMP (7) do not adapt trajectories to new object positions. The diffusion transformer
(9) performs slightly better than the U-Net model (8) and better than DMPs and
ProMPs (5-7). However, it performs worse than the proposed method (1) and two of
the baseline variants (2,4). Even in the above simulated experiment, removing tactile
from the proposed method (1) slightly decreases accuracy (2) for object keypoints.

The three best-performing methods (1,2,4) are executed on the robot introduced
in chapter 6. Object features are tracked using the vision network (section 5.6) and
the camera system (section 5.4, seven cameras). The vision network is retrained to
also detect three additional keypoints for the robot end-effectors (see figure 7.11).
Using the baseline architectures (2,4), task execution fails, being unable to grasp the
camera module, dropping the object when approaching the circuit board, or failing to
correctly align the connector for successful insertion. The proposed learning method
(1) successfully completes the task (see figure 7.10). The robot grasps the camera
module, picking it up, placing it above the board, aligning the connectors, fixing the
connector with the opposite arm, and lifting the assembly, demonstrating successful
insertion. See figure 7.12 for recordings of sensor modalities, tactile predictions and a
subset of recurrent activations during successful robot execution.
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Figure 7.10.: A robot has been taught by demonstration with human hands to install
a camera module on a circuit board.

Figure 7.11.: Visual keypoint detection during robot execution of an assembly task.
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Figure 7.12.: Joint position measurements, motor currents, tactile predictions, key-
point positions and a subset of recurrent activations during successful
robot execution of a bi-manual assembly task.
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8. Conclusions and outlook

Machine learning of object manipulation tasks can benefit from multimodality. In
virtual environments, learning and simulation can be combined into a single gradient-
based optimization, simultaneously minimizing task loss and physical inconsistencies.
This can enable an artificial neural network to directly tap into the simulator and
modify contact variables to overcome local minima.

It is also possible to teach robots by simply demonstrating manipulation tasks with
human hands in the real world, without having to program task-specific simulation
environments. Learned denoising does not only offer a solution for one-to-many map-
pings but can also generate corrective actions from previously unseen states. Prior
knowledge about physically plausible perturbations is not necessary. By deferring
consistency constraints to inference, it is possible to combine denoising and object
dynamics into a single supervised learning problem. Memory can be modeled as an
additional sensor modality without requiring backpropagation through time or into
large context windows. Contact information recorded from human hands can improve
robot performance, even if it is only available for parts of the demonstration data. It
is possible to produce tactile matrix sensors completely from stretchable rubber-like
materials and in three-dimensional multi-curved shapes. These can be processed into
sensor gloves, forming artificial second skins around human hands to capture contact
information during teaching. Behaviors learned from human demonstration can be
transferred to humanoid robot hands and to non-humanoid hardware. Crossmodal
architectures with corresponding outputs for all input modalities also enable recursive
data-driven simulated rollouts for evaluation prior to robot execution. The methods
are applicable to dexterous manipulation beyond pure grasping.

The optimization framework from chapter 2 and a simplified version of the differ-
entiable contact model are further evaluated on human motion reconstruction tasks
in [293] and shown to outperform state-of-the-art methods. An early prototype of the
online trajectory optimizer from chapter 7 is re-used in human interaction studies [291,
294] and successfully adapted for avoiding collisions with humans.

Future work towards practical application of the learning and teaching methods
might benefit from a cross-platform re-implementation and the development of a uni-
fied graphical user interface. Advanced customization and hardware configuration
could be facilitated through optional integration with graphical scripting (see [231,
79, 285, 286]). Visualization of data-driven simulations could possibly be enhanced
through keypoint-conditioned image generation [204]. Estimating manufacturing cost
for the sensor glove and the feasibility of automated production might require further
experiments. An alternative route could be the development of pre-trained visuo-
tactile foundation models for visual-only fine-tuning.
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