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Abstract. In this paper, we will roughly sketch the idea of cognitive mech-
anisms like analogy-making and conceptual blending as means for mod-
eling and explaining creative abilities of humans. Then, we will discuss
IBM’s Watson/Bluemix services, which are intended to go beyond classical
computing paradigms in order to approach the level of “cognitive comput-
ing" in its human-inspired facets. We will discuss challenges that arise if
systems like Watson/Bluemix are used for implementing creative abilities.
Finally, some speculations about possible directions for addressing these
challenges in cognitive systems by referring to cognitive mechanisms and
their corresponding computational realizations will be mentioned.

1 Analogy-Making and Conceptual Blending as a Source for
Creativity

Modeling creative abilities with computing devices is considered to be a hard
problem. Despite difficult questions like what creativity is, whether creativity
should be assigned to a cognitive process, to the product of such a process, or
to both, or how creativity can be assessed and measured, there is a strong in-
terest in the last years to develop computational approaches for creativity. Some
of these theories focus on the modeling of cognitive mechanisms like analogy-
making and conceptual blending. By applying analogy-making and conceptual
blending to problem solving tasks, it turns out that both mechanisms are use-
ful to model certain creative abilities of humans. Examples of such applications
can be found in fields like problem solving [2], mathematics [5], music [1], or
physics [8].

Analogy-making can be understood as the detection of structural common-
alities of two domains [7]. Domains can be a variety of things, e.g. conceptual
spaces, micro-theories, or representations of commonsense knowledge. Some
researchers claim that the ability to establish analogical relations is a core of hu-
man cognition [4]. On the other hand, conceptual blending in the sense adopted
here takes two input spaces and attempts to compute a generic space and a blend
space, i.e. the latter being a new and independent conceptual space containing
a mixture of conceptual information from both input domains [2].
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Fig. 1. HDTP’s overall approach to creating analogies (cf. [8]).

Fig. 1 depicts the general idea of the analogy engine Heuristic-Driven The-
ory Projection (HDTP) [8]. Given a source S and a target T , the HDTP engine
computes an analogical relation between S and T together with a generaliza-
tion G that covers the structural commonalities between S and T . The con-
ceptual idea of conceptual blending in Joseph Goguen’s work is slightly similar
to the analogy-making process (compare Fig. 2): in a blending process two in-
put spaces S and T are generalized as well as merged in a blend space B. We
consider conceptual blending therefore as a twofold process, which first detects
structural similarities based on an analogical relation between S and T and then
merges the two input spaces based on appropriate heuristics.
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Fig. 2. Goguen’s version of concept blending (cf. [3]).

2 Remarks on IBM’s Watson/Bluemix Services

An industry system that is claimed to go beyond classical computing paradigms
in order to approach “cognitive computing" or the “cognitive era of computing"
in its human-inspired facets is IBM’s Watson/Bluemix platform. Besides classi-
cal industry applications that emphasize the integration of Big Data with highly
structured knowledge in tasks such as predictive maintenance, production pro-
cesses, and recommendation systems for health applications, IBM applied the
Watson/Bluemix services also in the domain of creativity research. An example
is “IBM Chef Watson" (cf. https://www.ibmchefwatson.com), where innovative
culinary recipes are generated by the system. A part of the scientific background
of the approach can be found in [6].

The strength of IBM’s system is based on the combination and integration
of different types of knowledge resources and the possibility to combine a large
number of different algorithms including deep learning theories. For example,
the Watson services that are currently offered range from classical NLP applica-
tions (like the conversation of speech to text and vice versa), to such services
like AlchemyAPI (service to extract semantic meta-data from images), concept
insights (used for content exploration and recommendation of texts), or per-
sonality insights (classification of people’s personality characteristics based on
textual descriptions) just to mention a few of them. For such services different
algorithms are used and the strength of the overall architecture can be seen in
the possibility to combine these services.



An exemplification of such a combination of different knowledge resources
and algorithms is the Flu Prediction study project that took place recently in
Osnabrück (http://www.flu-prediction.com/about). The task is to improve the
prediction of influenza spreading across the US. The approach combines data
science methods to allow the identification of complex causal relations, the effi-
cient use of Watson/Bluemix services, the usage of social media data (Twitter)
and conventional data from the Center for Disease Control (CDC), and Watson
as a question-answering system to allow the user to receive background infor-
mation about the flu.
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Fig. 3. The left image depicts a graphical representation of the combination of reliable
but delayed CDC data about influence and current social media data (based on real-
time Twitter activity). The image on the right side shows the overall idea to combine
services and algorithms to get better predictions about the future spreading of the flu.
Both images are taken from an online lecture given by Gordon Pipa and available on
Youtube: https://www.youtube.com/watch?v=I2FcCpXwxVw

Although the strength of the described combination of services for cognitive
computing applications is for certain domains quite remarkable, a natural ques-
tion is whether this suffices to develop strong models of computational creativ-
ity as well. The application “IBM Chef Watson" mentioned above seems to allow
such an extension to creativity tasks, nevertheless, further examples are rare and
the general problem remains whether systems based on Big Data can be used for
highly abstract domains like the invention of new concepts in mathematics or
physics. Furthermore, to assess the degree to which approaches similar to IBM’s
Watson/Bluemix system can be called cognitively inspired is less clear given that
classical cognitive mechanisms like analogy-making, conceptual blending, simi-
larity, or heuristic assessments play only, if at all, a very limited role. Finally, the
cross-domain aspect of cognitive mechanisms, namely the ability to transfer cer-
tain patterns from one domain to a totally unrelated domain, in order to solve
a certain problem as well as the multi-modal knowledge integration ability of
humans is often missing in classical cognitive systems.

3 Possible Directions for Addressing These Challenges

In order to sketch ideas how to extend cognitive computing systems to improve
their creative capacities, we propose the following extensions.



– Models of computational creativity in highly abstract domains like mathe-
matics require more than visual or textual information. The natural choice
for a representation of mathematical knowledge are axiomatic systems for-
mulated in a first-order or better monadic second-order language. A natural
choice to expand cognitive systems such as IBM’s Watson/Bluemix system
would be to add services that can deal with such axiomatic theories. In [5],
it is shown how reasoning on such representations can be used for modeling
creative processes.

– Humans use multi-modal representations for all sorts of cognitive tasks. For
example, verbal communication of humans does neither only work on the
syntactic level of natural language, nor only on the semantic level. Verbal
communication is rather a complex interplay between linguistic represen-
tations (syntactic, semantic, pragmatic etc.) and non-verbal means of com-
munication like gestures, expression of emotions, motor actions etc. Sim-
ilarly, in solving creativity tasks, humans often change representations be-
tween abstract and concrete representations, switch between and integrate
multi-modal information, and project knowledge between these represen-
tation types. A creative cognitive system should also be able to use such
multi-modal representation. In the Watson/Bluemix system, a first step into
this direction is the multi-modal integration of image and text.

– In order to make cognitive computing cognitive in a strong sense, cogni-
tive mechanisms such as analogy-making and conceptual blending should
be added to such systems. It was argued in Section 1 that a large variety of
creativity aspects in various domains can be computationally modeled by im-
plementations of such cognitive mechanisms. Expanding cognitive systems
into such a direction has the potential to increase the capabilities of such
systems significantly.
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