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Abstract

Creative Problem Solving (CPS) is a sub-area
within artificial intelligence that focuses on meth-
ods for solving off-nominal, or anomalous prob-
lems in autonomous systems. Despite many ad-
vancements in planning and learning in AI, resolv-
ing novel problems or adapting existing knowledge
to a new context, especially in cases where the en-
vironment may change in unpredictable ways, re-
mains a challenge. To stimulate further research in
CPS, we contribute a definition and a framework of
CPS, which we use to categorize existing AI meth-
ods in this field. We conclude our survey with open
research questions, and suggested future directions.

1 Introduction
Creative problem solving (CPS) focuses on using creative
processes in the context of problem solving. While numerous
real-world scenarios have highlighted the importance of CPS
skills in humans [Cass, 2005; Turner et al., 2020], such skills
are currently beyond the scope of AI. CPS capabilities can
greatly improve the resourcefulness of existing AI systems,
but it currently remains an under-explored research area. Our
survey article [Gizzi et al., 2022b] seeks to address this gap
in AI and to do so, we combine theoretical aspects from plan-
ning and learning in AI with theoretical aspects from Compu-
tational Creativity (CC) – an active area of research that seeks
to develop computational methods that are capable of gener-
ating a creative output, reminiscent of the creative processes
in humans. To the best of our knowledge, this is the first sur-
vey that is specifically focused on creative problem solving in
AI, leveraging the literature from both CC and AI. We believe
that a comprehensive discussion of CPS, combining CC and
AI principles, is vital for encouraging future work in the area.

The goals of our article are primarily to: a) define creative
problem solving, in order to create a common understanding
of what constitutes creative processes in AI systems; b) estab-
lish a framework for designing CPS systems in AI by lever-
aging theoretical aspects from both Computational Creativity
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Figure 1: Creative problem solving occurs when the initial concep-
tual space of the agent is insufficient to complete the task, and the
agent needs to expand its conceptual space to achieve the task goal.
Traditional planning/learning approaches in AI would often return a
failure in such scenarios.

and planning/learning in AI; c) organize and categorize exist-
ing CPS work within our framework; and d) lay the ground
for future work by identifying open research questions and
the gaps to be addressed in the future based on our survey.

2 Defining Creative Problem Solving (CPS)
Towards the first goal of our survey, we present a novel defi-
nition of creative problem solving (CPS) and describe the rel-
evant formalisms. To begin, we broadly define a concept as a
state (of the environment and/or agent) or action; and concept
space as the set of all concepts known to the agent. The uni-
versal conceptual space represents a theoretical conceptual
space (not realizable in practice), containing every possible
concept that the agent could possibly know about.

In practice, the agent often encounters problems that it is
unable to solve given the initial information (i.e., concepts)
available to it, thus requiring it to adapt, e.g., robots operat-
ing in unstructured environments often have to improvise to
effectively solve the task [Atkeson et al., 2018]. Hence, a
crucial aspect of CPS that differentiates it from general plan-
ning or learning problems in AI is that the initial conceptual
space known to the agent is insufficient to accomplish the task
goal. We refer to such task goals as “un-achievable goals”.
Thus, CPS is characterized by its flexibility or adaptability to
handle novel problems where traditional AI approaches often
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Figure 2: Creative problem solving framework, beginning with the problem formulation, followed by representation of the initial conceptual
space (knowledge representation). The agent then operates on the initial conceptual space to derive a new conceptual space for solving the
task (knowledge manipulation), and evaluates the solutions generated from the new conceptual space for their success (evaluation).

fail. On this basis, we define CPS as follows (See Figure 1):

Definition 1. Given an un-achievable goal due to an insuf-
ficient conceptual space, creative problem solving is defined
as the process by which the agent manipulates its currently
known conceptual space in order to discover new concepts
that are not in its current conceptual space, thus allowing the
agent to accomplish the previously un-achievable goal.

In other words, the space of concepts (i.e., states and ac-
tions) that is explicitly represented by the agent defines the
boundaries of what the agent can accomplish. Creativity
arises when the agent uses what it already knows to discover
something new. In CPS, the newly discovered knowledge is
applied to solve a previously impossible task. Our full arti-
cle further expands on this definition and provides running
examples to clarify the different formalisms.

3 Establishing a Framework for Designing
Creative Problem Solving Systems in AI

Towards the second goal of our survey, we leverage theoret-
ical aspects from both Computational Creativity and plan-
ning/learning in AI to develop a novel framework that cap-
tures the process of CPS. The full article details the process of
impasse-incubation-insight that forms the basis for the CPS
framework, that we briefly preview here (See Figure 2).

Given a task that is currently unsolvable (i.e., impasse), the
first step in our framework involves formulating the problem,
either as a planning or learning problem, with a few excep-
tions. Once the problem is formulated, the next step involves
appropriately representing the relevant information (i.e., the
concepts) to form the initial conceptual space that defines the
problem. Third, since the initial conceptual space is insuffi-
cient for completing the task, the agent must expand it in or-
der to “derive” a new conceptual space for accomplishing the
goal (i.e., incubation). Lastly, the framework involves evalu-
ating the new conceptual space for its effectiveness in solving

the problem, by generating a solution from the new concep-
tual space (i.e., insight). In summary, we organize existing
work in CPS through the following questions:

• How is the problem formulated? - We discuss the two
primary problem formulations found within the CPS lit-
erature, namely, a) planning and, b) learning, specifi-
cally reinforcement learning, with a few exceptions that
follow alternate paradigms;

• How are the concepts represented? - We discuss the
different modes of representing information within the
conceptual space of the agent, namely symbolic, non-
symbolic and hybrid representations;

• How is the new conceptual space derived? - We dis-
cuss three ways for the agent to “discover” or “derive” a
new conceptual space, based on Boden’s three levels of
creativity [Boden, 1998]. Specifically, the agent can dis-
cover new concepts for solving the task by: a) exploring
the universal conceptual space beyond the constraints
of the agent’s initial conceptual space (Exploratory); b)
combining existing concepts within the initial concep-
tual space (Combinational), or c) transforming the ini-
tial conceptual space to a new one where the solutions
to the task become apparent (Transformational);

• How is the new conceptual space evaluated? - We dis-
cuss the different modes of evaluation adopted by ex-
isting CPS approaches, to distinguish theoretical models
from models that have been tested in real-world settings.
This ranges from evaluating the CPS approaches in sim-
ulation to evaluating them on physical robotic platforms.

In the full article, we discuss the above steps in-depth, and
also present algorithmic formulations for implementing the
three ways of deriving the new conceptual space within an AI
system. We further expand on the different types of concep-
tual spaces in CPS depending on whether they capture actions
or states (states of the agent, states of the terrain or states of
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the objects in the environment).

4 Organizing Existing Work in CPS
To capture the current status of work in creative problem solv-
ing, the third goal of our survey seeks to organize existing lit-
erature guided by our CPS framework. We review 51 papers
that perform CPS in AI and describe how they fit within the
steps of our framework. Specifically, we organize them based
on how they formulate the problem, represent the conceptual
space, derive the new conceptual space, and evaluate the re-
sult. Additionally, we categorize them based on the types of
conceptual spaces that they operate on (states vs. actions).
Lastly, we present four existing CPS architectures, namely,
CreaCogs [Olteţeanu and Falomir, 2016], Robogyver [Nair et
al., 2020; Nair, 2020], ICARUS [Choi et al., 2018], and DI-
ARC [Muhammad et al., 2021] that cover the different aspects
of our framework. We hope that this taxonomy will provide
readers with a full review and characterization of the existing
CPS literature in AI.

5 Laying the Ground for Future Work
Towards the final goal of our survey, we review our major
findings and present open research questions to be addressed
in the future. Our article also provides a statistical data sum-
mary of the papers reviewed in our survey to offer insights re-
garding highly explored vs. under-explored sub-areas in CPS
based on our taxonomy. Here, we briefly present some of the
research questions discussed in our article.

5.1 Hybrid Representations of Concepts
Hybrid representations that combine symbolic and non-
symbolic modes of information could be beneficial for the
development of improved CPS systems. Future work should
consider what information should be represented as symbolic
vs. non-symbolic, and how we can design hybrid systems that
effectively leverage the relative strengths of each representa-
tion. Most planning-based CPS methods use purely symbolic
representations, whereas learning-based CPS methods tend to
utilize non-symbolic representations. Current methods that
fall under the “hybrid” category include hybrid planning and
reinforcement learning [Strens and Windelinckx, 2004], and
neurosymbolic AI [d’Avila Garcez and Lamb, 2020]. Both
these methods have already been shown to greatly enhance
the reasoning capabilities of AI systems and could be signif-
icantly helpful in CPS. Only a few CPS systems covered in
our review have looked at such hybrid representations.

5.2 Generalizability of CPS Methods
A key consideration in CPS research is the flexibility to han-
dle inherently novel tasks. While existing research has looked
at generalizability within the individual problem domains
(e.g., generalizing from one tool to another within the domain
of cooking), there is yet to be an extensive research and test-
ing of cross-domain generalizability of CPS systems (from
one task domain to another, e.g., cooking to woodworking).
Despite the domain-agnostic theoretical formulations of CPS
methods which exist in current research, testing the specific
implementations for cross-domain generalizability remains a
largely unexplored challenge.

5.3 Lifelong CPS
Most of the CPS methods reviewed in our survey focuses
on creating flexible CPS methods for solving the “problem
at hand”. However, there has not been extensive research
into methods for using past CPS encounters to improve fu-
ture CPS performance, thus employing “lifelong” learning
for CPS. For example, many CPS methods surveyed involve
environment exploration, used for optimizing a specific task
solution. An open question here is, how can the agent learn
from, and adapt its prior experiences to effectively solve CPS
tasks in the future? The agent’s prior interactions could be
used to support lifelong CPS, by minimizing the amount of
environment interaction and effort required by the agent in a
different, future CPS task. While there does exist preliminary
work in the area of lifelong CPS [Gizzi et al., 2022a], future
research should continue consideration of how agents can im-
prove their own CPS abilities as they are continually put into
scenarios where they need to discover new information.

5.4 Computational Creativity in CPS
In our previous work [Gizzi et al., 2020] as well as our sur-
vey article [Gizzi et al., 2022b], we emphasized the value
of utilizing methods from Computational Creativity in CPS,
which has been largely unexplored. Some of the works ex-
plored in this survey consider key features of CC, such as
“novelty” and “value” when evaluating creative solutions, and
methods that enable agents to find solutions to CPS prob-
lems. As a future direction, the CC method of “conceptual
blending” [Falomir and Plaza, 2020; Schorlemmer and Plaza,
2021] could be an effective combinational method of deriving
a new conceptual space for CPS. Similarly, the CC method of
“framing” [Colton et al., 2011; Guckelsberger et al., 2017;
Cook et al., 2019] where an intelligent agent attempts to “ex-
plain” their own creativity can potentially be used as a mode
of transformational method for deriving the new conceptual
space. However, algorithmic implementations of these meth-
ods in AI systems for CPS remains an open question.

5.5 Universal Metric for CPS Solutions
The lack of a concise and universally accepted definition of
CPS has made it challenging to develop a universal measure
of the “quality” of a CPS solution. Developing such a metric
for CPS would be highly beneficial, as it would help stream-
line and benchmark existing and future CPS methods. For
instance, existing metrics for assessing whether a solution
is “creative” involves subjective novelty-based measures. In
contrast, an objective metric for evaluating approaches would
be helpful when characterizing the outputs of CPS methods,
such as the outputs of reinforcement learning, which often
depend on objective measures, like loss or reward.
We hope that this survey will encourage research into the rel-
atively unexplored field of CPS, bridging the gap between CC
and AI to build more resourceful and adaptable AI systems.
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