
Games as Co-Creative
Cooperative Systems

Rodrigo Canaan
Tandon School of Engineering

New York University
5 Metrotech Center, Brooklyn, NY 11201

rodrigo.canaan@nyu.edu

Abstract
Many modern creative industrial processes rely on the col-
laboration between multiple humans, assisted by one or more
computational systems, in a complex environment. However,
most traditional systems lack the adaptability required to con-
tribute in a flexible, co-creative manner, instead executing a
fixed set of tasks in a preset time schedule. We believe games,
especially cooperative games offer an ideal platform to con-
duct research in co-creativity. We present our motivation, pre-
liminary work and future goals to study, build and measure
game-inspired co-creative AI systems.

Introduction
Many modern creative industrial processes rely on the col-
laboration between multiple humans, assisted by one or
more computational systems, in a complex environment.
High-level plans might be broken down to lower level tasks,
such that individual actors lack full information on most
tasks they are not directly involved with.

This requires a great deal of flexibility of the human ac-
tors, who must be able to infer missing information from
context or pro-actively request additional instructions when
unable to proceed. An accurate model of the behaviors and
intentions of their peers is needed. Moreover, the team must
deal with changing requirements and uncertain resource
availability, which can often change the original plan.

However, most traditional computational systems lack
such adaptability, instead executing a fixed set of tasks, fully
specified by the human users, when explicitly prompted to
do so or on a preset time schedule. Two approaches have
been proposed to address these gaps: first, we have systems
that attempt to display creativity on their own right, such
as (Guckelsberger et al. 2017; Colton 2012). Those are typ-
ically called computational creativity systems.

The second approach, which is our main interest, features
systems where creativity emerges from the interaction be-
tween one or more humans and one or more computational
systems (Davis 2013). According to Davis, this interaction
“does not follow a predefined script” and “the contributions
of human and computer are mutually influential”. A closely
related idea refers to mixed-initiative systems, where hu-
mans and machine make by proactive contributions to the
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solution of a problem. (Yannakakis, Liapis, and Alexopou-
los 2014) argue that these systems have the potential to fos-
ter human creativity, achieving co-creativity.

We believe the advent of co-creative systems would yield
great benefits to the processes and activities where they are
involved, and would revolutionize the way people interact
with machines. We also believe modern AI techniques such
as machine learning, evolutionary algorithms and planning
algorithms can help achieve this goal.

In particular, we believe games offer an ideal platform to
conduct this research. Games have long been used as bench-
marks for advancements in AI. Playing and making games
are activities traditionally considered to require human in-
telligence. They also offer researchers a controllable envi-
ronment, easier to describe, measure and reproduce. Finally,
games are fun and appeal to a wide audience.

As such, this research seeks to draw inspiration from
games, especially cooperative games, to study, build and
measure more effective co-creative AI systems.

Preliminary work
Literature review and vision write-up: Our first step was
to dig into the definitions of creativity and computational
creativity (Boden 1998), metrics of novelty and interest-
ingness (Reehuis et al. 2013) and open research problems
are involved in the cooperation between human an ma-
chine (Burstein and McDermott 1996). We also described
our initial vision for the kind of game-like interactive sys-
tem that would provide a good environment for measuring
the impact and success of a co-creative, fully cooperative
agent. The result was published as a vision paper in (Canaan
et al. 2018a).

Evolving behaviors for cooperative play: In Hanabi,
players must work together to build piles of cards in each
of five colors in ascending order of value, without seeing
the cards in their own hands. The only communication al-
lowed is the use of a limited number of hints to inform
their color or value of cards in another player’s hand. While
Hanabi-playing agents are not necessarily co-creative, Han-
abi is nonetheless an interesting problem for our research.
It is a cooperative game with imperfect information, where
player modeling and communication can play a large part.

We used an evolutionary algorithm to evolve rule-based
agents for the game, showing that the currently existing rule-
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based agents, such as the ones seen in (Walton-Rivers et al.
2017) can be improved while decreasing the reliance on hu-
man expertise. We also developed new rules of our own, fur-
ther increasing the agent’s performance both when playing
with copies of itself and when playing with a set of unknown
agents. The results were published in (Canaan et al. 2018b)
and were be submitted to a competition taking place at CIG
2018.

Holistic PCG (Procedural Content Generation) in
Minecraft: We also took part in organizing a Minecraft set-
tlement generation competition. Minecraft is a game where
players can mine cubes of different materials to create struc-
tures such as buildings and cities, often inspired by real-
world or fictional locations. The game is often played with-
out regard for any externally defined goals. And while the
game is equipped with a built-in settlement generator, the
generated settlements lack many features of human-created
settlements such as adapting to terrain or evoking a narra-
tive. As such, rather than attempt to develop an AI to play
the game effectively (an ill-defined task), the competition
encourages participants to submit agents that can build set-
tlements in a holistic manner. The settlements will be judged
using criteria such as adaptability, functionality, evoked nar-
rative and visual aesthetics. The competition is described
in (Salge et al. 2018a) and on the competition website:
http://gendesignmc.engineering.nyu.edu.

While the competition itself has no cooperative elements,
developing AI techniques that are able to generate content
in a human-like fashion is very relevant to our purposes. We
also plan to extend the challenge to include completing set-
tlements started by a human, which requires a model of hu-
man intentions.

Empowerment maximization as intrinsic motivation:
Empowerment is a mathematical formalism that attempts to
capture the degree of influence an agent has on the world it
can perceive (Salge, Glackin, and Polani 2014). The more
options an agent has, leading to different, predictable out-
comes, the higher the empowerment. As an intrinsic motiva-
tion (Oudeyer and Kaplan 2008), it has the potential to result
in sensible behavior even in the absence of externally de-
fined goals. This can be useful for our purposes, as an agent
can attempt to provide a human user with a varied range of
options even without an learned model of the user’s inten-
tions. Empowerment maximization has been used to gen-
erate general supportive and antagonistic NPC (Non-Player
Character) behavior in (Guckelsberger et al. 2016).

Our work used UCT, a method designed for Monte-Carlo
Tree Search (Browne et al. 2012) to accelerate the compu-
tation of empowerment. We used a 3D block world similar
to Minecraft to measure how well our agents equipped with
UCT can calculate empowerment using using from 0.01%
to 100% of the number of forward model calls required for
exhaustive search (Salge et al. 2018b).

Future goals
The ultimate goal of this research is to build and evaluate
a concrete example of a co-creative system where a human
user and an AI agent cooperate in order to build an artifact

such as a game level. We are currently interested particularly
in generation of maps for StarCraft.

We plan to study and implement generation of game con-
tent such as search-based algorithms which optimize to-
wards one or multiple desired functions, such as (Togelius et
al. 2010), and data-driven algorithms, such as using neural
networks and other forms of machine learning to learn from
existing maps and replay data (Lee et al. 2016). We then plan
to use these techniques to build an interactive design tool
such as the Sentient Sketchbook (Liapis, Yannakakis, and
Togelius 2013), but which can learn a model of a particular
user’s preferences, identify and request information that can
direct the construction of an artifact or help learn the user’s
preferences, learn from publicly available data, etc.

We will measure the success of our system not only by
metrics related to the produced artifacts (such as map bal-
ance and novelty) but related to how well the system models
the user, fosters the creativity of the user and helps in the
user’s overall design process.

We hope this research will help lead to the advent of coop-
erative systems that behave more like human partners than
as passive design assistance tools.
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