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Figure 1: A generator connects two doors which are randomly placed on the 7 × 7 × 7 border. The generator gradually complexifies the connected path
with a staircase-like structure, while ensuring it is traversable for the player. To make the reward for training more dense, we also encourage the agent
to expand the longest path from the entrance, even if it may not connect to the exit. Here, we show how the agent complicates the path between doors,
starting in an empty 7 × 7 × 7 space. We use the purple slab stone to denote the connected path and wooden slab to denote the longest path from the
entrance.

ABSTRACT
Procedural Content Generation via Reinforcement Learning (PCGRL)
foregoes the need for large human-authored data-sets and allows
agents to train explicitly on functional constraints, using computable,
user-defined measures of quality instead of target output. We ex-
plore the application of PCGRL to 3D domains, in which content-
generation tasks naturally have greater complexity and potential
pertinence to real-world applications. Here, we introduce several
PCGRL tasks for the 3D domain, Minecraft. These tasks will chal-
lenge RL-based generators using affordances often found in 3D
environments, such as jumping, multiple dimensional movement,
and gravity. We train agents to optimize each of these tasks to ex-
plore the capabilities of existing in PCGRL. The agents are able
to generate relatively complex and diverse levels, and generalize
to random initial states and control targets. Controllability tests in
the presented tasks demonstrate their utility to analyze success and
failure for 3D generators. We argue that these generators could serve
both as co-creative tools for game designers, and as pre-trained
environment generators in curriculum learning for player agents.

1 INTRODUCTION
Most approaches applying machine learning to Procedural Content
Generation (PCG) train models via supervised lerning on datasets of
human-authored artifacts. These models can often generate plausible-
looking output, though there is no way of ensuring they have learnt
to abide by the functional constraints of, e.g., game levels.

PCG via Reinforcement Learning (PCGRL) re-frames the prob-
lem of content-generation as an iterative task, in which the generator

is rewarded at each step for editing the level to make it more playable,
complex, or otherwise bringing it closer to satisfying some high-
level user-defined metrics acting as a measure of quality. PCGRL
thus foregoes the need for datasets while also explicitly training the
generative model to abide by relevant functional constraints. We
can contrast this against search-based PCG methods like evolution,
which generates and tests content as an iterative process as well.
However, this generate-and-test process can be prohibitively expen-
sive because of the cost of the fitness function, especially when
compared to the relatively cheap computational cost of RL inference
(RL needs a reward function only during training).

Until now, PCGRL has been applied mostly to 2D, grid-based
domains (such as mazes and dungeon crawlers), but in this paper we
propose using a 3D environment. 3D content is interesting for multi-
ple reasons. Most obviously, the real world is in three dimensions, at
least on a macroscopic scale. This makes the ability to generate 3D
content a must for a method aiming to create anything that could be
fabricated as a real-world object. Even when not fabricating things
for the real world, many games and simulations model or are highly
inspired by real-world scenarios in 3D.

3D games often incorporate gravity, which in turn poses new and
interesting challenges for the design of levels and other functional
content. For example, many paths become non-reversible, because
an agent can fall down but not up. They also often feature first-
person perspectives (unlike 2D games, which are often viewed in
a third-person perspective) which poses challenges but also creates
design affordances in terms of occlusion, visibility, and perspective.
Beyond this, three-dimensional games are almost by necessity larger



https://github.com/smearle/control-pcgrl
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