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Abstract
● Existing offline Reinforcement Learning (RL)
algorithms aim to leverage previously collected
datasets to learn effective policies without further
exploration.
However,
in
practice,
the
distributional shift between the learned policy and
the policy used to collect the data often leads to
overestimation.
● A recently proposed offline RL algorithm (CQL),
showed promising results by
adding a
regularization term to prevent overestimation.
● In our study we experimented with different
regularization methods to improve on the
implementation of the CQL algorithm.

Methods and Materials

Discussion
● The most significant results were achieved in

We applied regularization to the CQL algorithm’s loss function to both achieve pessimism and avoid over-fitting.

error metric.
● Although the results of our experiment are
● First Method: Using the square of the Q function in the logarithmic exponential function.

promising, we only able to evaluate our algorithm

● Second Method: Using the Square root of the Q function in the logarithmic exponential function.

in a few D4RL environments and for a limited
number of training iterations.

● Third Method: Changing the loss function to a mean square function.

Results

Conclusions and Future Directions

● We evaluated the algorithm on a variety of robotic tasks from the D4RL library.
● Methods 1 and 3 marginally outperformed the original implementation of CQL on the TD Error evaluation for

Introduction
● In recent studies, the combination of RL and deep
neural networks has produced promising results in
automating a wide range of decision-making
control tasks[1], [2].
● Real-world implementations of these methods still
face two major challenges: the high sample
complexity of on-policy RL algorithms and the
brittle convergence properties of off-policy RL
algorithms [3].
● Off-policy RL algorithms aim to make use of
previously collected data without the need for
further exploration, making them more suitable
for certain tasks that otherwise would be
expensive (e.g., in robotics, educational agents, or
healthcare) or dangerous (e.g., in autonomous
driving, or healthcare) [4].
● Recently proposed algorithms, such as SAC [5] and
CQL [3], have demonstrated empirical success in
achieving pessimism, leading to better sample
efficiency and preventing overestimation.
● We believe that by experimenting with other
regularization methods, we could achieve better
results that are both computationally efficient and
theoretically guaranteed to achieve pessimism.

continuous domain tasks, particularly on the TD

● The video rendering of our experiments suggest
some improvement in performance in some cases

the Hopper task.
● Method 2 outperformed CQL by a significant margin on the TD error evaluation and slightly underperformed

but further testing and analysis is needed for a
definitive conclusion.

on the environment metric.

● Testing our regularization methods on more tasks,
including the D4RL library and other robotic task
sumalators.
● Experimenting with other regularization methods.
● Investigating the reason behind our methods poor
performance in discrete domain tasks.
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