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Robot learning—Beyond

imitation

earning is a key topic for robotics. With the emer-
gence of new learning methods and the maturity
of existing approaches, extensive effort has been
directed toward learning beyond simple kinematic
planning, environment interaction, and elemen-
tary behavioral imitation from human demonstra-
tors. In this issue, we have included a collection
of papers covering different aspects and applications of
robot learning, outlining current progress and opportu-
nities, as well as the challenges ahead.

Training of sophisticated, dynamically balancing sys-
tems has been challenging, and the associated costs due
to failures are a major limiting factor. In the paper by
Hwangbo et al. (1), the authors used simulation data to
train artificial neural networks and then transferred the
networks to a legged (quadrupedal) robot for mastering
dynamic motor skills. The end result is an agile, energy-
efficient robot that can recover from falls even in complex
configurations. Such sim-to-real transfer-based learning
can be used in a diverse range of applications where real-
life hardware-generated training datasets are scarce.

While humans seem to be able to pick or grasp ob-
jects of arbitrary shapes with ease, universal picking for
robots remains difficult. In the paper by Mahler et al. (2),
the authors present their Dex-Net 4.0, which can learn deep
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composite robot-grasping policies from large, physical-
based synthetic training datasets—yet another example
of how simulation-based learning transfer can be used
to deal with real or novel objects. In (3), Ficuciello et al.
investigated the problem of grasping novel objects with
an anthropomorphic robotic system using synergistic con-
trol, demonstrating the practical use of combining learn-
ing from demonstration and reinforcement learning for
complex tasks.

How to understand concepts and then generalize
them to novel scenes is an important aspect of learning.
Lazaro-Gredilla et al. (4) investigated how robots repre-
sent and infer high-level concepts by allowing so-called
“zero-shot task transfer” to take place with inherently
interpretable representations. They demonstrate that a
robot could use their proposed method to interpret novel
concepts (as schematic images) and then apply them to
real objects on a flat surface.

With increasing popularity of soft robotics, how to
use machine learning to derive intrinsically nonlinear
behavior of the robot, as well as for sensing and percep-
tion, has attracted extensive interests. Thuruthel et al. (5)
have used redundant sensors embedded in a soft actua-
tor combined with recurrent neural networks to model
an unknown soft continuum actuator in real time. The
system is shown to be robust to sensor non-
linearities and drift and able to estimate the
applied forces while interacting with external
objects, thus enabling the development of force
and deformation models for soft robotics.

Humans rely on different sensory data to
see, feel, touch, and act. Here, Fazeli et al. (6)
used a temporal Bayesian hierarchical model
combined with tactile and visual sensing to
develop a robot learning model to play Jenga,
a game requiring complex manipulation skills.
By using inferred beliefs, the robot adjusts its
behavior and game strategy in a way that the
authors believe to be similar to humans in learn-
ing, inference, and planning for complex phys-
ical interactions.

In this issue, we have also included four
Focus articles discussing different aspects of
robot learning from user intention detec-
tion and self-modeling to lessons that can be
learned from decision neuroscience. In (7),
Kim et al. present a learning-based intention
detection method by using an egocentric (first-
person-view) camera connected to a wear-
able hand robots. In (8), Kwiatkowski et al.
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outline how a robot can model itself without prior knowledge of its
shape or physics (agnostic) and then perform specific tasks and even
detect self-damage. The next two articles of this issue discuss, respec-
tively, how robots reason about the meanings of human activities
[purpose learning (9)] and how decision neuroscience can provide
insights into the development of high-performance, memory-efficient
reinforcement learning (10).

It is difficult, of course, for a single special issue to cover the broad
range of research activities in robot learning. We hope that the exam-
ples provided here encourage much tighter collaboration between the
machine learning and the robotics communities, driving toward ulti-
mate goal of robot learning beyond imitation.

-Guang-Zhong Yang
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