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Abstract— Several robot manipulation tasks are extremely
sensitive to variations of the physical properties of the ma-
nipulated objects. One such task is manipulating objects by
using gravity or arm accelerations, increasing the importance
of mass, center of mass, and friction information. We present
SwingBot, a robot that is able to learn the physical features
of an held object through tactile exploration. Two exploration
actions (tilting and shaking) provide the tactile information
used to create a physical feature embedding space. With this
embedding, SwingBot is able to predict the swing angle achieved
by a robot performing dynamic swing-up manipulations on a
previously unseen object. Using these predictions, it is able to
search for the optimal control parameters for a desired swing-
up angle. We show that with the learned physical features
our end-to-end self-supervised learning pipeline is able to
substantially improve the accuracy of swinging up unseen
objects. We also show that objects with similar dynamics are
closer to each other on the embedding space and that the
embedding can be disentangled into values of specific physical
properties.

I. INTRODUCTION

As applications for robotic manipulation shift from in-
dustrial to service tasks, the need for robots to deduce the
physical properties of objects increases. To cope with the
diversity of objects and tasks in the real world, robots require
models that can quickly infer the physical properties of
objects, with as few interactions as possible and without
explicit supervision. These models could allow the robot to
perform more dynamic interactions with its environment or
with held objects in the cases where in-hand manipulation is
desired. Vision based methods for learning physical object
representations through dynamic interaction have shown
some promise towards achieving such models [1]. However,
vision based approaches are still restricted to interactions in
structured environments and do not address the limitations
of deploying deep learning based vision systems into the
real-world scenarios.

Tactile sensing can be seen as an attractive alternative to
vision. In particular, vision-based tactile sensors provide direct
observations of the deformation caused by contact with an
object [2]. Considering the local nature of these observations,
the influence of environmental noise is negligible, making
methods developed with this modality potentially more
transferable to real-world environments. Additionally, vision-
based tactile sensors are able to accurately estimate the normal
and shear forces being applied to the sensing surface. So
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Fig. 1: SwingBot. We develop a learning-based in-hand physical
feature exploration method with a GelSight tactile sensor, which
assists the robot to perform accurate dynamic swing-up manipulation.

rather than designing an environment to make the influences
of external forces easily observable with vision, it is preferable
to have very accurate sensing directly at the interaction points,
i.e, performing interactions with a sensorized hand. Therefore,
tactile sensing seems like an appropriate modality for learning
object physical representations. However, it is not without
its limitations as these sensors are soft, making the modeling
and measuring of the properties of the sensor itself more
complex.

In this work we develop a method to infer the physical
parameters of an unknown object through in-hand exploration.
To do this, we use the information provided by a GelSight
sensor [2] to learn a low-dimensional embedding of the
object’s properties as well as the properties of the GelSight
itself. We learn the embedding in a self-supervised fashion
and use it to optimize the performance of a dynamic in-hand
manipulation task. In particular we have the robot swing-up
a set of unknown objects to a desired pose in-hand. We find
the optimal control parameters for the swing-up task with
the aid of a swing-up angle predictor that uses our learned
embedding as input. We also prove the portability of this
embedding to new tasks by showing that we can use it to
directly regress to object parameters such as mass, center of
mass, moment of inertia and friction.

Our approach consists of two main components: (1) an
information fusion model and (2) a forward dynamics model.
SwingBot starts by performing two in-hand exploration
actions, tilting and shaking. As each of these actions provides
different information about the physical parameters of the
object, a fusion model takes the information from both
actions in order to learn a joint physical feature embedding
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Fig. 2: Challenges. Swing-up is a highly-dynamic process, where changing objects’ physical properties would have a big impact on the
final swing-up angle. Here we show, with the same control parameters, that the dynamics vary when the objects vary: same mass but
different center of mass (a)(b); different mass (b)(c); and different friction coefficient (c)(d).

of the object in-hand. Once the embedding is learned, a
forward dynamics model uses the embedding and the control
parameters that generate the swing-up motion in order to
predict the final swing-up angle.

The main contribution of this work is to demonstrate that
the robot is able to learn a low-dimensional embedding of the
physical features of a held object from dense tactile feedback
acquired through a small number of active exploration actions.
The learned embedding allows the robot to accurately and
consistently perform a swing-up task on a set of objects, with
an overall 17.2 degree error on unseen objects. Furthermore,
our experiments show that the fusion network can accurately
estimate physical parameters of unknown objects once the
features are disentangled.

II. RELATED WORK

Robotic manipulation has been dominated by the paradigm
of kinematic manipulation, and for good reasons. In reducing
the effects of task dynamics, it is easier to ensure that a robot
can perform its task consistently without error. However, this
has limited the application of robotics to a set of simple
tasks like pick-and-place. As robotic manipulation becomes
more ubiquitous, the need for robots that can perform more
tasks becomes important. One path forward is to increase the
mechanical complexity of robots by using dexterous hands.
However this also comes with a cost in terms of control and
design complexity. Alternatively, [3] illustrates that simple
mechanical designs can achieve more than pick-and-place if
we reconsider the task dynamics.

Inspired by [3], researchers have been successful in devel-
oping methods that exploit the task dynamics for performing
actions like dynamically sliding an object in-hand [4], tossing
an object into the air to regrasp it [5], and swinging up an
object to a desired pose [6]. However, these methods require
experts to first determine which parameters of the system are
important for the task, a model of the dynamics, and accurate
measures of the physical properties of importance for each
object used. Therefore, these methods are hard to deploy in
real-world environments.

To alleviate the need for careful modelling and accurate
measurements, researchers have been working on an alterna-
tive method known as intuitive physics [7], [8]. Intuitive

physics allows a robot to estimate the parameters of an
object via learning based approaches and interaction. In [7],
[9], [1], [10], direct regression over the physical parameters
of an object, like mass and friction, was performed for
tasks like sliding an object and predicting the stability of a
tower of stacking blocks. However, knowing exactly which
physical parameters are needed for a task or directly observing
those parameters from feedback may be difficult. So, several
methods [8], [11], [12], [13] instead indirectly estimate
object parameters by learning an object embedding in a self-
supervised way for tasks like pushing and tossing an object
to a desired pose. However, these methods still require a
structured environment. In particular, [1] used a set of ramps
to make the result of a dynamic interaction easily observable
with vision.

Rather then using the environment we can instead use
in-hand manipulation to extract properties about the object.
In fact, [14] suggest that humans perform a set of exploratory
procedures to extract object properties like friction, mass
and center of mass. While, it is possible to monitor in-
hand interactions with vision, [15] shows tactile sensing
outperforms vision alone when doing tasks that require
feedback about contact interactions like determining if a
grasp is successful. This work along with other works that
explore tactile sensing for tasks like slip control [16], [17],
[18], regrasping [19], [20], [21], contour following [22], [23],
[24], and ball manipulation [25] focus mainly on static or
quasi-static interactions. The object’s physical properties have
less of an influence on the performance of a controller for
static or quasi-static interactions then they would have in more
dynamic manipulation tasks like swing up. As a result, none
of aforementioned works that explore tactile sensing estimate
the physical parameters of the object. In contrast, we focus on
learning physical representations from simple in-hand tactile
exploration, and show that such representations are useful for
manipulation tasks that requires physical knowledge.

III. METHOD

The goal of SwingBot is to enable the robot to swing
up an unknown object to a desired pose (0� � 200�) after
performing a single exploratory action. In [6], the authors
suggest the robot must first build a dynamic model of the
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Fig. 3: Overview of the architecture. The robot takes several steps to acquire and use the physical features of the held object: (1) Tilting
the object at 20◦and 45◦. The corresponding marker information is encoded by a network with CNN and MLP into a 40-dimensional
embedding. (2) Shaking the object. The sequence of marker information is processed by a RNN network into a 40-dimensional embedding.
(3) A fusion model concatenates the embedding from both actions and outputs a fused physical feature embedding. (4) A prediction model
takes the physical embedding and control paramaters as input and outputs a prediction of the final swing-up angle. During training, the
whole pipeline is trained in an end-to-end fashion using the final angle for self-supervision. During inference, a set of control parameters
are uniformly sampled. The action with the prediction result closest to the goal is selected to perform the swing-up.

task, and once the robot has a notion of what this model is,
it must then extract which physical parameters of an object
are keys to completing the task. Thus, when a novel object is
introduced, the system only needs to extract those parameters
to tune the model. Therefore, we create a method to estimate
the desired control parameters of a hand coded control policy
by performing a set of hand coded exploration actions. To
accomplish this we use GelSight, a vision based tactile sensor,
to monitor the state of the object while performing in-hand
exploration of the object in the form of shaking and tilting.
These exploratory procedures extract different type of object
information, and as a result we create a method to fuse the
information from both procedures into a joint physical feature
embedding of the object. We then create a forward dynamics
model that uses the embedding to infer which action will
result in our desired object pose.

A. GelSight

While previous methods exploring physical object property
estimation monitored the result of a dynamic interaction with
vision [1], vision as a modality has its limitations for this
task. Beyond errors in state estimation due to environmental
noise, it lacks the ability to perceive the forces being applied
to an object. Hence, if you were performing an exploratory
action like tilting an object in-hand to estimate it’s mass, its
change in position as you tilt the object would be almost
imperceptible, as seen in Fig 4. Therefore, we rely on tactile
sensing, the GelSight sensor [2] in particular. The GelSight
enables us to have high resolution information about the
contact surface between the object and the finger. This enables
us to have information about local geometry of the object
for pose estimation. Beyond that the sensor used in this
experiment is equipped with markers along the sensing surface

which provides information about tangential displacements,
giving us rich information about the sheer forces and torques
being applied to the sensing surface.

B. Information Fusion for Multiple Exploration Actions

While the use of a GelSight has its advantages in providing
rich information about the contact dynamics between the
finger and the object, it also comes with its limitations. The
material used to make the GelSight (Polydimethylsiloxane)
exhibit nonlinear mechanical properties that are difficult to
measure and model. So, while previous approaches [1] were
able to directly regress over physical properties like mass
and friction and perform a forward simulation, we take a
different approach. Rather than regressing over the physical
parameters, we hand design a set of exploratory procedures
that clearly encode physical properties of the object like
fiction and mass, and then let the model create its own low-
dimensional embedding of the object using self-supervised
learning in hopes it also encodes the gel’s dynamics.

In designing these exploration actions, we had to determine
what set of parameters to search for. In [6], a dynamic analysis
of the swing-up task was performed, concluding that the
surface friction, mass of the object, center of mass and
moment of inertia play roles in swing-up dynamics. Since
we use a parallel gripper for this task we are limited to
what we can choose in terms of actions. We determined that
shaking and tilting the object in hand were the only methods
that can be performed reliably. After some experimentation
with these behaviors, we determined that tilting was able
to give us information about mass, center of mass and the
moment of inertia, while shaking is able to inform us of
the friction of the object as show in Fig. 4.
In-hand Object Tilting: Using tactile feedback and tilting


