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Abstract
The role of tactile sensing is widely acknowledged for robots interacting with the

physical environment. However, few contemporary sensors have gained widespread
use among roboticists. This thesis proposes a framework for incorporating tactile
sensing into a robot learning paradigm, from development to deployment, through the
lens of ReSkin – a versatile and scalable magnetic tactile sensor. By examining design,
integration, policy learning and representation learning in the context of ReSkin, this
thesis aims to provide guidance on the implementation of effective sensing systems
for robot learning.

We begin by proposing ReSkin – a low-cost, compact, and diverse platform
for tactile sensing. We develop a self-supervised learning technique that enables
sensor replaceability by adapting learned models to generalize to new instances of
the sensor. Next, we investigate the scalability of ReSkin in the context of dexterous
manipulation: we introduce theD'Manus, an inexpensive, modular, and robust
platform with integrated large-area ReSkin sensing, aimed at satisfying the large-
scale data collection demands of robot learning.

Based on the learnings from the development of ReSkin and theD'Manus, we
propose AnySkin – an upgraded sensor tailored for robot learning that further reduces
variability in response across sensor instances. AnySkin is as easy to integrate as
putting on a phone case, eliminates the need for adhesion and demonstrates enhanced
signal consistency. We deploy AnySkin in a policy learning setting for precise
manipulation, demonstrate improved task performance when augmenting camera
information, and exhibit zero-shot transfer of learned policies across sensor instances.

Going beyond sensor design and deployment, we explore representation learning
for sensors including but not limited to ReSkin. Sensory data is typically sequential
and continuous; however, most research on existing sequential architectures like
LSTMs and Transformers focuses primarily on discrete modalities such as text and
DNA. To address this gap, we propose Hierarchical State Space (HiSS) models,
a conceptually simple and novel technique for continuous sequence-to-sequence
prediction (CSP). HiSS creates a temporal hierarchy by stacking structured state-
space models on top of each other, and outperforms state-of-the-art sequence models
such as causal Transformers, LSTMs, S4, and Mamba. Further, we introduce CSP-
Bench, a new benchmark for CSP tasks from real-world sensory data. CSP-Bench
aims to address the lack of real-world datasets available for CSP tasks, providing a
valuable resource for researchers working in this area.

Finally, we conclude by summarizing our takeaways throughout the journey
of ReSkin from development to deployment, and outline promising directions for
bringing tactile sensing into the fold of mainstream robotics research.
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Chapter 1

Introduction

Sensing devices play a vital role in enabling robots to comprehend and respond to their sur-
roundings effectively. Among these sensors, tactile sensors are particularly important as they
provide robots with a sense of touch, allowing them to handle objects with precision, detect
obstacles or hazards, adjust their grip on objects, and manipulate their environment effectively.
Despite signi�cant progress in this �eld over the years, a universally applicable tactile sensing
solution for robots remains elusive. This is primarily due to the complex, multi-step processes
of developing, integrating, and learning from tactile sensors – each step presenting its own set
of challenges. This thesis provides a recipe for addressing these challenges through the lens of
ReSkin, a magnetic tactile sensing solution focused on durability, scalability and robustness for
robot learning applications.

1.1 Tactile sensors for Robotics

The criticality of tactile feedback to human dexterity [77, 78, 79] has long inspired numerous
investigations into robotic tactile sensors since the earliest days of robotics [67, 91]. Over the years,
miniaturization and rapid prototyping have expedited the development of tactile sensors relying on
a range of transduction technologies [52]. Resistive [128, 147] and piezoresistive [12, 129] sensors
measure applied pressure through the change of electrical resistance due to the deformation of a
material between two electrodes. Capacitative sensors [53, 133] similarly rely on conditioning
circuits that measure the change in capcitance resulting from the deformation of the sensor in
order to capture the interaction characteristics. More recently, optical sensors [40, 90, 146, 152]
that use a camera in conjunction with an elastomeric material, and capture physical interactions
with the environment through a series of images of the deforming elastomer, have emerged as
a high resolution alternative for tactile sensing. Other solutions use MEMS devices [105, 132]
and piezoelectric materials [36, 159] as transduction mechanisms for recording physical contact
information.

However, many of these sensing solutions suffer numerous drawbacks that preclude their
adoption as commodity sensors for robotics. With the exception of optical sensors, each sensing
technology requires direct electrical connections between the circuitry and soft elastomer. While
the integration of soft elastomers has enhanced tactile sensors across the board by improving
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contact conformity, this unintended coupling increases costs and complicates integration. Optical
sensors overcome this pitfall by separating the sensing electronics (camera) from the sensing
interface (elastomer), but require a clear line-of-sight between camera and elastomer severely
restricting their form factor and increasing design complexity. Elastomeric interfaces, by virtue
of being soft, degrade much faster than the associated electronics and need to be frequently
replaced. However, replaceability and consistency in sensor response are characteristics that are
seldom discussed in the context of soft sensors. Furthermore, the complex fabrication procedures
associated with soft sensors make them dif�cult to manufacture at scale and increase variability in
response across sensor instances.

In light of these shortcomings, the focus of this thesis is primarily on tactile sensing using
magnetic elastomers [69, 70]. The use of magnetic transduction allows ReSkin circuitry that
measures the signal to be completely independent and detached from the magnetic elastomer that
serves as the sensing interface. This affords our sensors a range of advantages from low cost and
scalability to variable form factors enabling sensorization of surfaces of diverse shapes and sizes.
The simplicity and repeatability of our fabrication process further reduces the variability in sensor
response across different instance of the magnetic elastomer skins, minimizing disruption due to
replacement of the elastomer and strengthening our case as a general purpose tactile sensor for
robotics.

Tactile Sensing and Robot Hands

Analogous to tactile sensing, the versatility of the human hand has inspired long-standing efforts to
emulate its capabilities with a robotic hand [10, 89, 103]. The complexity of building these devices
results in most contemporary solutions such as the Shadow Hand [82, 139] and the Allegro Hand
(Wonik Robotics) being extremely expensive (> $25,000), brittle, and dif�cult to repair. These
pitfalls are at odds with the demands of data-driven robotics, the emerging class of algorithms
for robot control, that rely on large amounts of data, and in turn hardware that is inexpensive
and robust to the vagaries of large-scale data collection. Solutions like the LEAP Hand [124]
and the Tri�nger Hand [151] have sought to plug this gap by creating inexpensive, versatile and
easy to assemble robotic hands. However, while tactile sensing has been widely acknowledged
to be central to human dexterity [78, 79], none of these solutions provide a scalable integration
of tactile sensing at a reasonable price point (< $50,000). TheD'Manus– an open-sourced hand
with integrated large-area sensing �lls this crucial void in the robot hand landscape. Furthermore,
the hand is fully 3D-printable, has a palm to aid dexteriry unlike [2, 151], critical adduction and
abduction capabilities unlike the Allegro, and is at least 10� less expensive than most commercial
alternatives.

1.2 Deep Learning and Sensors

Most real world control systems, such as wind turbine condition monitoring [130], MRI recogni-
tion [84] and inertial odometry [4, 98], often process noisy sensory data to deduce environmental
states. Conventional sensor response modeling largely relies on analytical techniques to model
the relationship between the raw measured quantity (such as resistance, capacitance, magnetic
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�ux) and the quantity of interest (force, torque, inertial measurements) [96, 120]. While analytical
modeling is useful in mapping the measured transduction to interpretable quantities such as
force or contact location, it is often cumbersome and/or requires restrictive assumptions that do
not fully model the behavior of the sensor [61]. Computational techniques like Finite Element
Analysis [97], while effective, can be extremely slow and preclude real time use of the sensors they
model. Advances in rapid prototyping and manufacturing technology have fuelled an increase
in the pace and diversity of sensor development, as well as a demand for indirect modeling
techniques that enable real-time deployment of these sensors. Machine Learning has emerged
as a viable solution to this problem, by enabling implicit sensor modeling without the need to
explicitly model the complex physical phenomena driving the transduction mechanism [32, 75].

However, as recent research in deep learning for vision and language has shown impressive
capabilities across tasks involving these modalities [1, 41], capable ML models for sensory data
are few and far between [86, 154]. Deep learning solutions that do show promising results on
sensory data continue to be sensor-speci�c [71, 153] studies. This is the result of a catch-22
in sensor learning: lack of consolidated, labelled datasets of sensory data, the resulting lack of
research in neural architectures that are good at processing sensory data, and therefore, a lack of
an understanding of the extent of capabilities of sensory systems that would inform and prompt
the collection of more data. To tackle this problem, we propose a two-part solution: CSP-Bench –
a benchmark of six sensory datasets for continuous sequence prediction, and Hierarchical State
Space Models – a neural architecture adept at sequential reasoning over continuous sensory data,
based on incorporating temporal hierarchies into structured state space models like S4 and Mamba.
We draw from success stories in vision and language [85] have demonstrated the importance of
prudent neural architecture choices and inductive biases in learning effective representations for
learning-based reasoning. We show that on six sensory prediction tasks across three different
sensors, HiSS outperforms conventional sequence modeling architectures like causal Transformers,
LSTMs, S4 and Mamba.

1.3 Multimodal Policy Learning

As roboticists tackle problems of robots operating in unstructured environments, robot learning,
especially with the advent of deep learning, has emerged as an especially promising solution.
Impressive capabilities for grasping [161], manipulation of articulated objects [42, 107] as well
as bimanual manipulation [162] have been made possible by integrating cutting edge neural
architectures [68, 117, 142] for vision with advances in density estimation [30, 93] and imitation
learning algorithms. However, keeping in line with the consistent theme in this chapter, robot
learning models that incorporate tactile sensing are consipucously scarce. Analysis for learning
precise, complex skills that require reasoning about physical interactions with the environment are
largely restricted to simulation [28, 92] with little discussion on transferring policies to the real
world. Alternative approaches often involves convoluted, unrealistic camera setups to get around
the lack of tactile sensing [3, 5]. In this thesis, we perform a controlled study of multimodal policy
learning with vision and tactile sensory data and cross-validate the criticality and effectiveness of
all the available modalities for learning effective robot policies for precise manipulation.
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1.4 Thesis Outline

The rest of this thesis document is structured as follows: Chapter 2 is introduces to ReSkin –
a magnetic tactile skin, its capabilities, and the potential of learned sensor models, Chapter 3
introduces the D'Manus: an open-source dexterous hand design with integrated large-area sensing,
Chapter 4 introduces an upgraded self-adhering sensor skin design and demonstrates replaceability
in policy learning, while Chapter 5 talks about a new benchmark and a novel learning architecture
for sequential modeling of tactile and other sensory data. We highlight takeaways and future
prospects in Chapter 6.
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Chapter 2

ReSkin: versatile, replaceable, lasting
tactile skins

Bhirangi, R., Hellebrekers, T., Majidi, C., & Gupta, A. (2021, October). Reskin: versatile,
replaceable, lasting tactile skins. In 5th Annual Conference on Robot Learning.

TH designed the procedure for fabricating ReSkin. RB was responsible for the fabrication of
skins, setting up experiments, and training prediction models. RB and TH were jointly responsible
for experiment design and analysis of results.

Abstract

Soft sensors have continued growing interest because they enable both passive conformal contact
and provide active contact data from the sensor properties. However, the same properties of
conformal contact result in faster deterioration of soft sensors and larger variations in their
response characteristics over time and across samples, inhibiting their ability to be long-lasting
and replaceable. ReSkin is a tactile soft sensor that leverages machine learning and magnetic
sensing to offer a low-cost, diverse and compact solution for long-term use. Magnetic sensing
separates the electronic circuitry from the passive interface, making it easier to replace interfaces
as they wear out while allowing for a wide variety of form factors. Machine learning allows us to
learn sensor response models that are robust to variations across fabrication and time, and our self-
supervised learning algorithm enables �ner performance enhancement with small, inexpensive
data collection procedures. We believe that ReSkin opens the door to more versatile, scalable
and inexpensive tactile sensation modules than existing alternatives. Videos of experiments and
fabrication, code and learned models can be found onhttps://reskin.dev .

5



2.1 Introduction

In recent years, AI has advanced signi�cantly from large-scale recognition to defeating human
players in games. But surprisingly current approaches still struggle at one task: dexterous
manipulation. While babies, from a young age, can perform several challenging manipulation
tasks, robots continue to struggle even with simple tasks. Why is that? We believe a signi�cant
bottleneck in dexterous manipulation is the lack of practical solutions to tactile sensing. From
collecting large-scale rich contact data in the wild for learning models to building individual tactile
sensors for robot �ngers and hand surfaces, current tactile sensing solutions lack on multiple
dimensions and fail to scale up.

Figure 2.1: A) ReSkin is easy to fabricate and the size of a penny, enabling a wide range of
applications. B) Robot gripper using tactile feedback from ReSkin sensors to hold a blueberry
without squishing it. C) Dog shoe with an embedded ReSkin sensor; (inset) visualization of
sensor measurements. D) Contact localization on a new ReSkin sensor using our self-supervised
adaptation procedure. E) Contact localization on a ReSkin curated into a fabric sleeve as a 2in x
4in contiguous skin. F) ReSkin sensor as a �ngertip sensor to record forces and contacts while
folding a dumpling

In the context of robotics and AI, good tactile skins aim to provide: (a) conformal contact for
stable grasping/manipulation; (b) accurate compression and shear force measurements; (c) high
force (< 0.1 N) and temporal resolution (> 100 Hz); and (d) large surface area coverage (> 4 cm2)
with good spatial resolution for sensing at all contact points. For practical usage, good tactile
sensors should also prioritize being (e) compact and versatile, (f) inexpensive, and (g) long-lasting.
Current solutions for tactile sensing have not been able to address all of these needs. For example,
vision-based tactile sensors are often bulky, expensive, and slow to respond (30-60 Hz) [90, 95].
Resistive and capacitive soft sensors require many connections that lead to early failure and
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integration challenges [7, 145]. Commercial sensing options, such as BioTac, are expensive
(> $1000) and available in limited form factors. Rigid tactile sensors, such as force-sensitive
resistors, lack the soft, deformable surface that is advantageous for object/environment interaction.
Above all, while there has been a plethora of work focused on �ngertip sensing, all-over sensing
skins are much less studied.

There are two primary reasons why sensing skins have not been practical solutions for tactile
sensing: (a) �rst, there is a direct trade-off between the soft materials that enable conformal contact
and their ability to perform well over time. The exact properties that make soft sensors ideal for
dexterous manipulation, make them degrade easily during robotic tasks; (b) but more importantly,
even skins with durable lasting materials require data-driven modeling which generally fails to
generalize from one sensor to another. Therefore, any replacement of skin requires relearning the
model which is impractical (hence, limiting experiments to one sensor only [70]).

Figure 2.2: ReSkin is replaceable!

We propose ReSkin – an inexpensive (< $30), re-
placeable, compact, versatile and long-lasting tactile soft
skin. ReSkin is composed of soft magnetized skin and
a �exible magnetometer-based sensing mechanism. Any
deformation of the skin caused by normal/shear forces
is read via distortions in magnetic �elds. These distor-
tions can be mapped back to estimate the contact points
and forces on the original skin using a learned machine
learning model. The ReSkin design is compact (2-3mm
thick) and long-lasting (our ML models perform accurate
predictions even beyond 50K interactions. ReSkin is ver-
satile – the skin and the sensor mechanism can be used
anywhere from robot hands to objects to gloves, arm
sleeves and even dog paws. ReSkin has high temporal
(up to 400Hz) and spatial resolution (1mm with 90% accuracy). But what makes ReSkin the
ideal tactile skin is the ability to replace an old skin with a new skin as if you are peeling off an
old band-aid and putting a new one on. Our learned models perform strongly even on new skins
out-of-the-box but can be further adapted to high precision and resolution using a self-supervised
calibration technique. We believe ReSkin has the ability to collect contact data in the wild, provide
robust tactile perception capabilities to our robot (See Figure 2.1) and effectively make tactile
perception a �rst-class citizen among its peers (pixels and sound).

2.2 Background

Soft sensing skins provide tactile or proprioceptive information without affecting the underlying
mechanics of the system. Machine learning approaches have recently been shown to effectively
parse soft sensor data for robotic grasping [18, 19, 34], proprioception [141], and object classi�-
cation [33], among many others [32, 125, 155]. Recent work in this area has relied on all types of
sensing principles to collect and infer information in all types of form factors [17, 66, 160]. For
example, resistive networks patterned onto a knit glove have been used to collect tactile grasping
dataset and classify objects using neural networks [133]. Capacitive soft skins can be scaled up to
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larger areas by sampling at different interrogation frequencies to detect position via SVMs with
just one interface [128]. Multi-modal sensing skins have also been shown to improve the ability to
discern between 8 types of applied deformation using neural networks [81] and static or dynamic
inputs [111]. Data-driven approaches are becoming more common over traditional modeling
due to the unpredictable material properties that introduce both non-stationary responses and
non-linear behaviors over time, especially considering the dynamic interactions and unconstrained
environments robots may encounter.

Unlike capacitive[128], resistive[133], and piezoelectric[12] soft sensing, magnetic and optical
soft sensors do not require direct electrical connections between the circuitry and elastomer. This
is ideal to keep cost down, as the elastomeric interface degrades much faster than the accessory
electronics. It also simpli�es the replacement process by not requiring the user to disconnect and
reconnect individual wires. While optical sensors provide high spatial resolution data, they also
require a clear line of sight between the camera and elastomer to observe deformations[40, 146].
The camera's depth-of-focus puts a hard limit on the minimum distance to the elastomer surface
leading to relatively bulky sensor modules. In contrast, magnetic sensing bene�ts greatly from
minimizing the distance between sensor and elastomer, allowing for a much more compact tactile
sensor. In addition, the small form factor of magnetometers, as compared to cameras, enables
compatibility across more diverse form factors for the tactile sensor. We demonstrate these
key bene�ts by integrating the magnetic skin onto an arm sleeve, glove, dog shoe and a robot
end-effector. In each case, the elastomer is removable while the circuitry stays in place. While
there have been a number of attempts towards developing a large area skin - piezoresistive fabrics
[12, 17, 143], rigid taxels [29] as well as optical sensors[140], they often lack shear sensing
capabilities[12, 29, 143], conformal contact[29] and/or a scalable fabrication process[12]. ReSkin,
however, is uniquely positioned to satisfy all of these requirements, and has the potential to be a
scalable solution for all-over sensing skin.

ReSkin DIGIT GelSlim BioTac RSkin

Type Magnetic Optical Optical MEMS Piezoresistive
Frequency 400Hz 60 Hz 60 Hz 100 Hz ?
Variable Form Factor 3 7 7 7 3
Thickness< 3mm 3 7 7 7 3
Low Cost 3 3 3 7 7
Easily replaceable 3 3 3 ? 7
Area coverage 3 7 7 7 3
Durable (> 50k contacts) 3 ? 7 3 ?

Table 2.1: ReSkin is the only sensor that satis�es all the requirements for learning approaches

The underlying principle for magnetic sensing is that an applied deformation is measured as a
change in magnetic �ux readings by nearby magnetometers. However, we still need to learn or
estimate the mapping function that decodes change in magnetic �ux into contact force position and
magnitude. Several works on soft sensors have used neural networks for sensor characterizations
[63, 136], but these models are often trained on single sensor prototypes, and do not necessarily
transfer to new copies of the sensor. Then, the end-user is required to collect and sometimes
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