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Abstract

Generation alone does not make a Computational Cre-
ativity system. But, what about machines that only eval-
uate? When it comes to co-creative systems, humans of-
ten take on the primary evaluative role, while machines
assist with the generation of creative artifacts. In this
paper, we propose flipping the paradigm, envisioning
machines that (only) evaluate humans. Challenges and
opportunities in this new direction are discussed.

Introduction
Evaluation is a critical aspect of Computational Creativity
(CC). In fact, systems that generate without evaluating have
been called “mere generation” (Ventura 2016), suggesting
that without evaluation, a program should not be considered
a CC system. In the co-creative paradigm, the system often
takes on the role of the generator, while the human evalu-
ates. In fact, while it can be argued that computers are better
at generating, humans retain an advantage in our evaluative
capacities (Karimi et al. 2018).1

In contrast to generative systems, here we propose the
study of evaluative systems. To differentiate from evalua-
tors in other spaces, we also refer to such systems as “cre-
ative evaluators.” We ask a daring new question: What hap-
pens when a system only evaluates, and does not generate?
What role can such systems play in Computational Creativ-
ity? From a co-creative standpoint, we explore an extreme
point on the continuum, asking: What if we had a co-creative
system that only evaluates?

The concept of a machine evaluating humans has been ex-
plored in other spaces, primarily in contexts where a conver-
gent solution is desired. For example, machines have been
used to evaluate mortgage applicants (Chen, Guo, and Zhao
2021), grade essays (Santos, Verspoor, and Nerbonne 2012;
Ramalingam et al. 2018), judge startup pitches (Hu and Ma
2020), and inform investment decisions (Wu and Gnanasam-
bandam 2017; Bento 2018). In these cases, the problems
were formulated as machine learning models through a con-

1More balanced frameworks have also been proposed (Kantos-
alo and Toivonen 2016), challenging us to develop machines that
engage more deeply in a co-creative process with humans through
a combination of generation and evaluation.

vergent lens, assuming that there is a single ground truth and
the aim is to accurately score or classify.

In contrast to these types of evaluative systems, creative
evaluators face a divergent problem, assessing the quality
of creative artifacts where there often is not, and typically
should not be, a ground truth solution. In this context, the
creative evaluator can provide value to a human creative
partner by not only evaluating the result, but also by pro-
viding helpful feedback. This iterative process can conse-
quently form a meaningful co-creative experience between
the human and machine, without the machine ever (directly)
engaging in generation.

In this paper, we present our vision for creative evalua-
tors. We contrast creative evaluators against evaluators in
other spaces, and discuss the particular challenges of build-
ing evaluators for interaction with humans on creative tasks.

Previous work
The Computational Creativity literature stressed the impor-
tance of evaluation. Veale and Pérez y Pérez (2020) write
that evaluation is a staple of Computational Creativity. Sim-
ilarly, Ventura (2016) proposes that mere generation systems
may not be considered creative. Ventura (2016) writes that
“the Computational Creativity community (rightfully) takes
a dim view of supposedly creative systems that operate by
mere generation”. He further argues that the question of
whether a system is beyond mere generation is very closely
related to the question of system evaluation, making evalua-
tion part and parcel of creative systems.

Due to the centrality of evaluation in Computational
Creativity, CC systems often consist of both a generative
and evaluative component (see, for example (Toivonen and
Gross 2015), for a discussion of generative and evaluative
components of creative systems that utilize machine learn-
ing and data mining methods). Note that the emphasis is
typically on incorporating evaluation into creative machines
that also generate, rather than considering machines who
sole purpose is to evaluate.

A number of prominent evaluation methods have gained
recognition in the CC community. Ritchie (2007) suggested
empirical criteria for evaluating the relative value and nov-
elty of a system output. Colton et al. (2011) propose two
formal complementary models (FACE and IDEA) for eval-
uating creative acts of CC programs. The FACE model



describes a program creative act whereas the IDEA model
embodies notions related to the impact of the creative act.
Jordanous (2012) proposed a three-step Standardised Pro-
cedure for Evaluating Creative Systems (SPECS). Pérez y
Pérez (Pérez y Pérez 2014) proposed a three-layer evalua-
tion model for computer-generated plots. Ventura (2016)
presented a spectrum of abstract prototype systems that
can be used as benchmarks for evaluating relative creative
ability of CC systems. More recently, evaluation of co-
creative systems has also been explored (Karimi et al. 2018;
Kantosalo and Toivonen 2016).

Evaluation in CC has been studied from three distinct
perspectives: A system evaluating its own artifacts (Ack-
erman and Loker 2017; Pérez y Pérez and Sharples 2001)
as in internal process, evaluation of autonomous CC sys-
tems (Colton 2012; Pérez y Pérez and Sharples 2001), and
evaluation of co-creative systems (Karimi et al. 2018;
Kantosalo and Toivonen 2016; Ackerman and Loker 2017).
We approach evaluation from a novel perspective, where a
machine evaluates artifacts created solely by a human.

Considering machines evaluating humans, there is some
relevant work outside of the context of creativity. Those
systems include selecting mortgage applicants (Chen, Guo,
and Zhao 2021; Thomas, Crook, and Edelman 2017), grad-
ing essays (Santos, Verspoor, and Nerbonne 2012; Rama-
lingam et al. 2018), and startup investment decisions (Wu
and Gnanasambandam 2017; Bento 2018). There have even
been attempts at making automatic paper reviewing sys-
tems (Leng, Yu, and Xiong 2019), although these are in their
early stages.

This paper proposes the challenge of introduction
evaluation-only systems to Computational Creativity. What
role can systems that evaluates, but do not generate, can play
in CC? What would it take to create such machines?

Creative Machine Evaluators
In the most common co-creative paradigm, the computer
agent’s primary contribution is on the generative side (even
if the computer engages in some internal evaluation), while
the human takes on the main evaluative responsibilities
(even if the human also engages in generation).

For example, the Computational Creativity musical, “Be-
yond The Fence” was based on an original idea by Simon
Colton’s WhatIf machine (Colton et al. 2016). The WhatIf
machine engine generates fictional plots using What-if sce-
narios. Many ideas were generated by the WhatIf machine,
allowing the makers of the musical to select one of those
ideas, which became the starting point for the musical’s plot.

As another example, ALYSIA (Ackerman and Loker
2017) is a co-creative system that originally focused on as-
sisting users with the creation of original vocal melodies.
The machine suggests melody lines for user-provided text,
which the user could select, alter, or ask for more options.
This process captures role allocation based on the main
strengths and weaknesses of human and machine agents.

While co-creative systems where the computer agent’s
contribution is largely on the side of generation are com-
mon, more balanced models have also been considered. For

example, alternating co-creativity (Kantosalo and Toivonen
2016) puts humans and machines on more equal grounds. It
is further suggested that the attained results should satisfy
both parties.

Instead of placing humans and computers on an equal
plane, we seek to study another under-explored interaction,
which inverts the traditional co-creative paradigm: What
happens if, instead of us evaluating machines, machines
evaluate us? In this paper, we posit a new form of co-
creativity where the human generates and the machine (only)
evaluates.

Imagine, for instance, a machine that assists visual artists.
Showing their art to the machine, the creative evaluator will
provide meaningful feedback on the art - perhaps comment-
ing on composition, color choices, or even how the art may
relate to current events. The feedback may in turn help the
artist to improve their work, much like feedback from a hu-
man domain expert. Similarly, we can envision a storytelling
evaluator, which provides feedback on the story arc, charac-
ter development, and overall quality of a user-provided story.

In the subsequent subsection, we discuss the landscape of
machines evaluators as they exist today, following which we
address challenges of building creative machine evaluators.

Taxonomy of Machine Evaluators
In Table 1, we classify machine evaluators in AI into three
categories: (1) Convergent Evaluators, (2) Creative Ma-
chines that generate and evaluate, and (3) Creative Evalu-
ators (that exclusively evaluate), which is the new category
proposed in this paper.

Machine evaluators outside of CC tend to adhere to clear
objective functions (“Convergent evaluators”). In contrast to
traditional AI, however, CC systems are not inherently con-
vergent. As Ventura (Ventura 2017) says, “There is no such
thing as a best song, or best theorem or best design. One
cannot maximize a piece of visual art or a recipe or a poem.”
As such, evaluators in creative domains must acknowledge
the inherently divergent nature of creativity.

The remaining two classes of machine evaluators fit
within CC and are consequently divergent in nature. Cur-
rent CC machines that include evaluative capabilities also
engage in generation. While it is not uncommon to find ma-
chine agents with creative aims that only generate (“mere
generation”), we have not encountered creative machines
that engage in evaluation without also engaging in genera-
tion. It has been argued that the former (machines that only
generate) should not be considered CC machines (Ventura
2016). Our paper expands this dialog to ask what role the
latter, machines that evaluate without generating (“Creative
Evaluators”), can play in the CC space.

Creative Evaluators Opportunities
Before delving further into the challenges of developing cre-
ative evaluators, we discuss the opportunities for CC in this
domain.

• Essay competitions may be approached from both a con-
vergent and divergent perspective. Prior work has focused



Machine evaluators in AI
Convergent Evaluators Creative machines that generate & evaluate Creative Evaluators

Machines evaluating hu-
mans outside CC

Machine evaluating au-
tonomous system’s artifacts

Internal evaluation in co-
creative systems

Machine evaluating hu-
man artifacts

• Startup investment
• Essay
• Mortgage

• Painting fool
• MEXICA

• Impro-Visor
• ALYSIA ?

Table 1: Machine Evaluators in AI and their applications. We introduce the new category of Creative Evaluators.

on correctness-based criteria (Santos, Verspoor, and Ner-
bonne 2012), such as the percentage of errors appearing
in the writing. However, there are also opportunities to
approach essay evaluation by viewing an essay as a cre-
ative artifact, and making a creative evaluator that would
both judge and provide feedback on an essay through this
broader lens.

• In business, there are applications such as pitch competi-
tions and resume comparison applications (Roy, Chowd-
hary, and Bhatia 2020). The approaches taken for such
evaluators typically fall under the convergent category.
However, there are opportunities for building creative
business-related human machine evaluators for creative
tasks such as company names, logo creation, etc.

• In mortgage and job applications evaluation (Chen, Guo,
and Zhao 2021; Thomas, Crook, and Edelman 2017), cur-
rent machine evaluators are typically ML-based models
that are prone to replication or even amplifying the biases
found in the data on which they are trained. Creative eval-
uators may potentially offer an avenue for mitigating this
problem if mortgage and job applications evaluation are
viewed as a creative task, rather than a convergent one.

• Education offers another arena where creative evaluators
can offer value. For instance, educational evaluators can
provide personalized feedback to help art, music, or po-
etry students to improve - taking on a partial role of an ed-
ucator. Further, the evaluators could provide assessment
and grading for educational institutions. We can also en-
vision creative evaluators tackling complex tasks such as
curating gallery shows or casting actors.

Challenges with Creative Evaluators
In this section, we introduce several considerations and chal-
lenges when conceptualizing and developing creative evalu-
ators.

Divergence
It is well-established that creativity is composed of qual-
ity/value and novelty (Ritchie 2007). Value encourages con-
vergent thinking in seeking quality artifacts while novelty
relies on divergent thinking to allow originality. As seen in
Table 1, we already have convergent machine evaluators for
a variety of applications.

When it comes to creative evaluators, we want these ma-
chines to go beyond mere convergent thinking. Primar-
ily, the work that is being evaluated must be a creative
task/artifact. More importantly, the machine evaluator must
take into account novelty so as to avoid conformity while at
the same time not lacking in quality.

Perhaps the primary challenge in the making of creative
evaluators is to balance the need for providing concrete, jus-
tifiable feedback, while encouraging divergent thinking and
pushing the human partner to explore profoundly novel pos-
sibilities. Creative evaluators may be modelled after the
best educations, who seamlessly combine knowledge trans-
fer with the fostering of divergent thinking, encouraging
their students to take big risks into the unknown.

Explainability
We propose that having some level of explaniblity is a core
feature of a Creative Evaluator. Recently, Explainable Com-
putational Creativity has been proposed as

the study of bidirectional explainable models in the
context of computational creativity – where the term
explainable is used with a broader sense to cover
not only one shot-style explanations, but also for co-
creative interventions that involve dialogue-style com-
munications. (Llano et al. 2020)

In the context of machine evaluators in general and cre-
ative evaluators in particular, explainability is important con-
sideration. The European AI Experts (High-Level Expert
Group on AI ) have been encouraging AI researchers to con-
sider explainability as a core ethical AI principle.

We argue that a creative evaluator must be able to pro-
vide feedback to the human involved in the creative process.
For example, after the user presents its artifact, the system
may provide ideas to help the human to improve the arti-
fact. While full explainability may not always be possible,
particularly with ML-based models, higher degrees of trans-
parency are desired.

Fairness
How can a Creative Evaluator be a fair judge/evaluator? The
Journal of Computational Creativity defines Computational
Creativity as “the art, science, philosophy and engineering
of computational systems which, by taking on particular
responsibilities, exhibit behaviours that unbiased observers



would deem to be creative” (Journal of Computational Cre-
ativity ). But, what is an unbiased observer?

Humans are known to exhibit biased behavior. Despite
our best efforts, we may carry conscious or unconscious bi-
ases that impact how we evaluate (Fiarman 2016). We there-
fore ask if, in the place of human evaluators, machine eval-
uators may be less biased?

Machines don’t run the risk of being impulsively subjec-
tive. Any degree of subjectivity on the part of a machine is
likely to be more consistent. While eliminating bias from
automated systems is a real challenge, it is more feasible for
machine evaluators to avoid bias based on human agents’
backgrounds (gender, race, etc) when such information is
not explicitly provided to the machine evaluator. This form
of discrimination may nevertheless happen if careful atten-
tion is not paid when utilizing data-driven approaches, algo-
rithms or word embeddings that are being used (Bolukbasi
et al. 2016), although there are certainly instances where
one’s identity impacts their art in a variety of ways.

Biased evaluation is a serious concern when either human
or machine evaluators (or both) are involved. The question is
whether in some contexts, fairness may be more feasible to
attain through a machine agent than a typical human agent.

Conclusions and Future Work
How can a machine evaluator encourage divergent thinking?
How do we practically develop such machines? In this pa-
per, we introduce the concept of creative machines whose
only role is to evaluate human-made artifacts. This can
be conceptualized as an inversion of the typical co-creative
paradigm, where the human generates and the machine eval-
uates. On the educational front, creative evaluators may act
much like teachers, offering ongoing feedback for improve-
ment. In competitive contexts, creative evaluators open up
intriguing opportunities for fair evaluation of artistic arti-
facts.

We hope that this exploration into evaluation-only cre-
ative machines will spark discussion in the computational
creativity community. If evaluation is indeed central to CC,
is it sufficient for a machine to do nothing but evaluate?
Turning off generation leads to many interesting applica-
tions, may get us closer to true unbiased observers, and gets
us to question the very foundation of CC: If evaluation is all
we have, will we go out searching for generation?
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