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Reinforcement Learning (RL) has achieved many successes in training autonomous
agents to perform simple tasks over the last years. However, there are a number of
major remaining challenges in RL, such as scaling it to high-dimensional, real-world
applications, dealing with sample complexity, or reusing already acquired knowledge.
Although many works have already focused on strategies to scale-up RL techniques
and to find solutions for more complex problems with reasonable successes, many
issues still exist. The second Scaling-Up Reinforcement Learning (SURL) workshop
encouraged the discussion of diverse approaches to accelerate and generalize RL, such
as the use of approximations, abstractions, hierarchical approaches, Transfer Learning,
and Meta-Learning. Scaling-up RL methods has major implications on the research and
practice of complex learning problems and will eventually lead to successful imple-
mentations in real-world applications. SURL is an effort towards bridging the gap
between conventional and scalable RL approaches, providing a platform for commu-
nity interaction and discussion. This workshop aims at bringing together researchers
working on different approaches to scale-up RL to solve more complex or larger scale
problems.

This edition of the SURL workshop was the second after the first one during the
European Conference on Machine Learning (ECML) 2017 in Skopje. It sparked the
interest of many RL researchers around the globe. With 2 invited speakers and 12
accepted high-quality contributed talks, SURL was the stage for discussions about
opportunities and future research directions for RL research. Presenters from 3 conti-
nents shared their newest research efforts with a sizable crowd of RL enthusiasts in one
of the best visited workshops of the conference.

The 2 invited speakers Peter Stone, from UT Austin, and Balaraman Ravindran,
from IIT Madras, are well-known and reputed researchers who shared interesting
insights on their current research.

Balaraman Ravindran talked about extending RL beyond the classical “reward-
based” modeling approaches. He discussed how his group managed to enable agents to
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solve increasingly difficult tasks through a two-level curriculum learning technique,
and how agents can discover hierarchical structure in problems by exploiting the
properties of successor representations.

Peter Stone presented his latest research on scaling-up RL to enable efficient robot
skill learning. Due to the inherent restriction on performing exploration on robotic
platforms, his group has been studying how to reuse knowledge gathered from simu-
lations and human demonstrations to speed up and improve learning in this challenging
domain.

Amongst the outstanding contributions (published on the workshop website),
Extending Sliding-step Importance Weighting from Supervised Learning to Rein-
forcement Learning by Tian Tian and Richard Sutton was selected to represent our
workshop in this special volume. Their work extends a class of elegant algorithms for
importance weighting from supervised learning to the RL framework. These algorithms
are much more robust in the face of highly variable importance weights in supervised
learning but had not been used in RL before where importance weighting can be
particularly variable due to the sampling involved in off-policy learning algorithms.
The workshop chairs believe this work was well presented and covers a challenging
problem in contemporary RL research. It is well therefore suited to give a taste of the
insightful and creative solutions that were presented and discussed during SURL.

The workshop also featured many other interesting approaches from subfields
including hierarchical approaches and curriculum learning, multiagent settings, mul-
titask and subgoal challenges, and reward shaping. Experimental results were reported
in applications like robotics, physics simulator, Multiplayer Online Battle Arena
games, and Atari games. We highly recommend taking a look at the workshop
homepage and get inspired by the great contributions.

Both the contributed and invited talks have shown that RL research has evolved far
beyond the classical framework and toy problems. Varied strategies for knowledge
reuse, sample-efficient learning algorithms, and smart exploration are necessary to
solve the challenging domains in which RL is now applied.
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