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Abstract

As robotic systems become increasingly capable and commercially avail-
able, particularly in the form of humanoids and dexterous hands, enabling
them to physically interact with their environment remains a fundamental
challenge. Humans effortlessly use contact with their surroundings to
perform agile movements and manipulate both delicate and heavy objects.
For robots, in contrast, effectively leveraging physical contact, whether
through full-body interactions for enhanced agility, or towards contact-rich
manipulation with robot hands, is still a complex and largely unsolved
problem.

This thesis addresses key challenges in learning and control for physical
interaction for agile robots and dexterous manipulation. Specifically, it
investigates how to effectively capture human demonstrations of contact-
rich and dynamic tasks and how to translate them into robot capabilities.
Analysis reveals that relatively simple models can sufficiently represent
human dynamic interactions at an abstract level (e.g., hand motion and
contact forces relative to the center of mass). Combined with reflex-like
controllers, these simple models can be used to recreate dynamic physical
interaction behaviors in robots.

Building on these insights, this thesis extends these principles to dexterous
manipulation with soft robotic hands. Just as the human body leverages
compliance to safely and effectively interact with the environment, soft
hands offer compliance and robustness through their inherent material
flexibility. However, unlike the human hand, which relies on rich multi-
modal sensing, soft robot hands are usually limited by a lack of reliable
sensing. To address this, we first develop a multimodal sensing and
learning approach for tendon-driven soft fingers, combining actuation-side
and embedded sensing to predict joint angles, contact forces, and contact
locations. Through systematic ablations, we show that accurate state
estimation can be achieved with minimal sensing, and that tendon-force
measurements alone provide a strong signal for interaction understanding.

We then move toward a fully sensorless paradigm, introducing a learning-
based framework that infers hand state and contact events directly from
motor-side signals only. By combining a learned underactuation model
with a multi-task temporal network, the approach predicts joint configu-
rations, contact forces, and contact locations without any sensors on the
hand, and generalizes across fingers via zero-shot transfer.
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Finally, these models are integrated into a teleoperation system with
haptic feedback, enabling users to perceive contact and grasp events
without visual input. More broadly, this work demonstrates that accurate
perception of contact-rich interactions can emerge from actuation signals
alone, reducing the need for complex and fragile sensing hardware. This
opens a path toward simpler, more robust, and scalable robotic systems
capable of operating in unstructured, real-world environments, where
reliable sensing remains a key bottleneck in order to embrace contact.
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Chapter 1

Introduction

Robotics is advancing at an unprecedented pace, with humanoids as well as robotic
hands and grippers becoming increasingly commercially available. These developments
are paving the way for more versatile and capable robotic systems that enable
automation across various industries, ranging from manufacturing to healthcare.
Among these innovations, soft robot hands have long promised to be highly capable,
versatile, and inherently safe due to the compliant and exible nature of the material.
To successfully accomplish physical tasks, robots must engage with their environment;
making contact and applying forces to their surroundings. To humans, detecting that
our hands and ngers are touching objects is simple, and we fundamentally rely on
our proprioceptive and tactile sensing abilities: We can feel the slightest contacts in
our ngertips when picking up a raspberry or an egg, we e ortlessly adjust our grasp
to hold on tight when we grasp and lift up a gallon of milk, and we quickly reorient a
USB drive in-hand, and align it to plug it into a computer. Towards enabling robots
to perform such contact-rich tasks as well, it is natural to take inspiration from the
experts, and study and learn from human examples.

In order to e ectively learn from human demonstrations, the following challenges
must be considered: How can we capture contact-rich demonstrations in humans,
and which sensor modalities have to be integrated into robot hands to enable similar
capabilities? How do we integrate them into learning and control frameworks?

While there has been signi cant progress towards capturing human hand kine-
matics, for example through VR gloves or other motion capture devices, capturing

1



1. Introduction

the contacts and forces that occur during such interactions remains a di cult prob-
lem. For robotic hands, although a number of tactile sensor modules are becoming
commercially available, integrating one or more sensing modalities into robot hands
remains challenging. This is particularly true for soft robot hands; there are currently
no o -the-shelf solutions available to integrate tactile sensors into soft robot hands.

Another challenge is how to best make use of multimodal sensor data. A number
of learning frameworks exist to generate versatile control policies for dexterous
manipulation, but they mostly rely on vision-based feedback. It is not clear how to
integrate contact and force data into these frameworks, to simplify data collection
procedures and enhance the performance of learned autonomous control policies.

This thesis develops methods to capture expert human interactions with objects
and the environment. Inspired by these behaviors, it proposes control strategies and
learning techniques that leverage observed contact events to enable robotic whole-
body interactions. These approaches are further extended to soft robot hands by
exploring and integrating appropriate sensing modalities and implementing modeling
and control strategies for dexterous hands and manipulation tasks.

In this context, this thesis further investigates sensing for soft robot hands, from
multimodal sensing to fully sensorless approaches. Through ablation studies, we
analyze which sensing modalities are essential for accurate state and contact estimation.
Building on these insights, we develop learning-based methods for sensorless estimation
of proprioceptive state, contact forces, and contact locations using only motor-side
signals. These methods enable haptic feedback for teleoperation of contact-rich
manipulation tasks, demonstrating a hardware-e cient alternative to complex tactile
sensors towards deploying dexterous manipulation systems in real-world environments.

1.1 Contributions

Towards enabling e ective and natural robot behaviors in the domain of contact-rich
tasks, this thesis makes the following contributions:
" Teleoperation of Soft Robot Hands: An approach to capture hand motions

during object manipulation, and how we can model and transfer them to soft
robot hands



1. Introduction

" Understanding Human Pushing Interactions: Capturing and modeling
human whole-body interactions, analyzing wall push-o s as a case study
(Part 1 of Human-Informed Robot Agility: Understanding Human Pushing
Interactions for Skill Transfer to Humanoids, Humanoids 2023)

Learning Re ex Models for Dynamic Physical Interaction: Introducing

a simple re ex model, we show that such re exes can generate diverse pushing-
o behaviors in a small two-arm mobile robot platform

(Learning to Navigate by Pushing, ICRA 2022)

Transferring Push-O Skills to Robots: A data-driven approach to transfer
human-informed push-o skills, creating successful pushing-o motions across
di erent mobile robot platforms

(Part Il of Human-Informed Robot Agility: Understanding Human Pushing
Interactions for Skill Transfer to Humanoids, Humanoids 2023)

Learning Soft Finger State and Contact Prediction: We develop learning-

based models that accurately predict joint con gurations, contact forces, and
contact locations in underactuated, tendon-driven soft robot ngers. Through
systematic ablation studies, we quantify the contribution of di erent sensing
modalities, providing insight into which sensing signals are essential for reliable
state and contact estimation in soft robot hands.

(Learning-based State and Contact Estimation for Tendon-Driven Soft Robot
Fingers using Multimodal Sensing, RoboSoft2026)

Learning Sensorless Soft Hand State and Contact Prediction for
Enhanced Teleop: We introduce a fully sensorless approach for tracking
hand state and contact events in soft robotic hands using only motor-side
signals, eliminating the need for embedded sensing or vision. By integrating
these predictions into a teleoperation pipeline with haptic feedback, we enable
operators to perceive and react to contact events in real time.

(Learning Sensorless Soft Hand State and Contact Prediction for Enhanced
Teleop, In Submission, 2026)



1. Introduction

Structure of this Thesis

Chapter 2 provides an overview of background and related work in the eld. It
outlines foundational concepts, key developments, and prior research that inform and
motivate the contributions presented in this thesis.

This thesis then develops methods to capture expert behaviors, speci cally human
physical interactions with objects and their environment, detailed in Chapter 3.
Drawing inspiration from the human experts, Chapter 4 develops control strategies
and policy-learning techniques that build on and utilize observed contact events, to
enable robotic whole-body physical interactions. Chapter 5 lays the foundation to
extend these approaches to soft robot hands; characterizing and integrating required
sensing modalities, and developing models to reliably estimate soft robot hand state
and contact events to enable intuitive teleop and dexterous manipulation tasks.



Chapter 2

Background

This chapter summarizes the foundations and current developments in research
towards soft robot hands, integration of contact and force sensing, learning control
strategies for contact-rich tasks, and the remaining challenges towards soft-hand
dexterous manipulation.

2.1 Soft Robot Hands

Using soft materials for robot hands has been extensively studied in recent years,
with signi cant advancements in fabrication, control, and application. Integrating
soft materials in robot hands o ers key advantages: The compliance of the structures
enables exibility, impact resistance, and enhanced adaptability to object geome-
tries; allowing for safer interactions, more stable grasps, and robust performance in
unstructured environments.

Various soft robotic grippers and hands have been developed. They can be
broadly categorized on the basis of their actuation methods, which de ne how they
generate movement and control their deformation. The primary classi cations include
pneumatic, electroactive polymers (shape memory alloys), and tendon-driven.

Pneumatic hands use pressurized air to deform elastomer structures. These
designs are particularly bene cial in applications that require gentle handling, such
as food processing and medical robotics. Most pneumatic robot grippers are based on
PneuNet bending actuators T3], which are actuated by pressurizing internal chambers
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within an elastomeric nger, causing the nger to bend. Pneumatic grippers are
typically constructed from multiple PneuNet ngers, arranged in a circular pattern
[49, 70, 118 119. Apart from such multi- ngered grippers, a number of more
complex hand morphologies have been developed based on the pneumatic actuation
principle. Examples of anthropomorphic designs are the RBO Hand 3q], featuring
16 independent degrees of actuation, and a soft neuroprosthetic hai3®|[ capable of
simultaneous myoelectric control and tactile feedback.

Shape memory alloys undergo controlled shape transformations when voltage
is applied, enabling compliant ngers to ex and adapt to object geometriesS]l, 83).
SMA actuation is attractive because of its low power consumption, compact form
factor, and quiet operation; however, SMA-based systems su er from hysteresis and
relatively slow actuation speed due to thermal cooling requirements.

2.1.1 Tendon-Driven Soft Robot Hands

This thesis focuses on tendon-driven soft hands. In tendon-driven hands, motions
are generated by actuating motors that pull on tendons routed through soft or hybrid
ngers.

Examples of tendon-driven soft hands include the I1T/Pisa soft hand?l], a subset
of the Yale OpenHands §3], the ACES-V2 hand [L23, and anthropomorphic and
non-anthropomorphic soft foam hands [8, 54, 87].

Recent advancements in multi-material 3D printing technology have enabled
novel rapid prototyping and fabrication procedures for soft hands; previous works
[9, 67, 127 have demonstrated that monolithic ngers or whole hand structures can
be printed directly in one part with embedded design features, such as internal tendon
channels or reinforced structures; the resulting hands require minimal assembly. This
approach provides considerable exibility in how tendons can be embedded within the
palm and ngers. A tendon path routed through a soft nger and palm is visualized
in g. 2.1.

Successful grasping demonstrations on objects of varying shape and size using a
3d printed hand are shown in g. 2.2

By introducing distinct design features 10|, we have developed a framework to
model soft tendon-driven hands for an easier design iteration and prototyping process;
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Figure 2.1 Caption

we can furthermore make use of rigid approximation models of the soft hands in
simulation environments by utilizing the universal robot description format (URDF).
While physics-based simulations of soft materials (e.g., nite element methods) o er
high accuracy at signi cant computational cost, rigid approximation models enable
e cient simulation, planning, and control.

The actuation speed of tendon-driven hands is determined by the velocity of the
integrated motors. This generally enables rapid and controlled movements, making
tendon-driven hands a suitable choice for dynamic and responsive manipulation tasks.

2.2 Capturing State, Contacts and Forces

Humans rely heavily on tactile and proprioceptive feedback during manipulation
tasks. Many researchers have addressed the topic of contacts and forces between
hands - human or robotic - and objects. This section provides an overview of two key
research areas:

" Latest developments towards integrating contact, force and proprioceptive
sensing into soft robot hands.

" Studies that investigate how humans make contact, and how to capture and
analyze the forces we apply onto objects with our hands.
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Figure 2.2: 3d printed dexterous soft hand successfully completing pick-and-place
tasks for various objects using key-framed open-loop poses.

2.2.1 Contact and Force Sensing in Robot Hands

Recent advancements in the development of humanoid robots have also driven
innovation in robotic hands, leading to the emergence of numerous novel designs and
a growing availability in the commercial market. Examples of currently available
dexterous robot hands are the Shadow DEX-EE, Allegro V52, XHAND13, Inspire
Hand*, Schunk Han®, PSYONIC Ability Hand ©. Tactile sensing in the ngertips and
partially in other hand segments is increasingly available for newly released hands.
Most of the currently available sensors in robotic hands extend research on
either vision-based sensing (e.g. DIGIB[/], GelSight[L17, other works B2, 1053),
or magnetometer-based sensing (e.g. Xela uSKifi{J, ReSkin[L2], other works[L14).
Other tactile sensing principles are based on measuring changes in capacitance
[58, 59, resistance 36, 124, and barometric pressure]l, 53]. An example of a
commercially available sensor that integrates multiple sensing principles is the BioTac
[117], combining pressure, vibration, and temperature sensing within a biomimetic

https://shadowrobot.com/dex-ee/

2https://www.allegrohand.com/v5-main
Shttps://www.robotera.com/en/goods1/4.html
“https://inspire-robots.store/collections/the-dexterous-hands
Shttps://schunk.com/us/en/gripping-systems/special-gripper/svh/c/PGR_3161
Shttps://www.psyonic.io/ability-hand
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