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1 Abstract

This thesis has investigated the use of Deep Reinforcement Learning for classic Partially-
Observable Markov Decision Process problems such as Tiger, Rock Sample, and Tag. It
has examined a number of deep reinforcement learning algorithms and techniques found
within recent literature. This has included testing Deep Q-Networks (DQN), Deep Recurrent
Q-Networks (DRQN), Action-specific Deep Recurrent Q-Networks (ADRQN), the use of
‘flooding’ regularisation described in Ishida et al. (2020), the use of pre-initialisation of ex-
pert experiences, and the use of prioritised experience replay described in Schaul et al. (2015).

The contributions of the thesis include development of a Python POMDPX parser and simu-
lator to enable the use of deep learning libraries such as Keras on POMDPX problems, and a
POMDPX to OpenAI Gym environment converter. An extension to ADRQN is proposed
in which step rewards are included with the input of observation-action history, termed
RADRQN. Benchmark comparison is made to leading tree-based POMDP solvers such as
DESPOT found in Ye et al. (2017). Of the tested models, the combination of pre-initialisation
of expert experiences and prioritised experience replay produces the best results for the
deep reinforcement learning models. Trained policies involving multiple step behaviours
are observed for each of the tested POMDP problems, however results are well below the
performance of benchmark algorithms such as DESPOT, POMCP, or SARSOP. Trained
policies show path dependence on experiences encountered early in the training cycle.

All code and data used in this project is made available at https://github.com/iciac/POMDP.
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