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Abstract

Whether generative AI models can exhibit creative be-
havior has been a subject of scientific debate in the last
years, without a conclusive answer. In this paper, we
define creativity from a task-oriented perspective and
introduce quantitative measures that help the user to
choose a suitable Al model for a given task. We have
evaluated our measures on chains of images iteratively
generated using number of popular img2img models.
‘We observed that the images produced in these chains
matches up with our metrics, with higher-scoring images
exhibiting visual traits more strongly aligned with our
definition of task-oriented creativity.

Introduction

Generative Al has become the center of a series of heated
debates, one of the biggest ones centered around the con-
cept of human creativity. Some researchers argue that cre-
ativity is derived from an innately human “sociocultural
context”, thus excluding AI models (Oppenlaender 2022;
Kaufman, Sternberg, and Glaveanu 2019; Wingstrom, Hau-
tala, and Lundman 2022). However, other definitions focus
on purely behavioral requirements, such as “domain-relevant
skills”, “creativity-relevant processes”, and “extrinsic motiva-
tion”, all of which can be exhibited by generative Al models
(Amabile 1983). Related to this, Margaret Boden proposes
an Al-relevant cognitive dimension of creativity separate
from emotion, focusing on behaviors such as novelty and
association of ideas (Boden 1998). Boden also discusses “ex-
ploratory” creativity, the “generation of novel ideas” within
a space, such as an Al model responding to a given task by
creating new content within the parameters of the task. Even
more broadly, Pease and Colton argue that computational
creativity should be separated from human-centric notions,
and creative behavior in AI models should be measured in en-
tirely separate ways from human creativity (Pease and Colton
2011). These process-oriented definitions suggest that some
generative models can exhibit a form of fask-oriented creative
behavior in response to prompts, thus forming the motivation
for this paper.

Quantifying this task-oriented creative behavior could pro-
vide valuable insights for both the users who interact with
these models and the model developers. If a user is presented
with clear information about the ways in which a given gener-

ative model may exhibit creative behavior in response to their
queries, they can make an informed choice about whether
they wish to use it. The same information could also pinpoint
specific areas of change that those who develop generative
models can use to tweak their training data and model archi-
tecture to better suit their intended purpose.

The focus of this paper is answering the following research
question:

“Can we define mathematical measures quantifying use-
ful aspects of task-oriented creative behavior of popular
img2img generation models?”

We propose to characterize the task-oriented creativity of
model outputs according to three criteria, which we derived
from prior literature on computational creativity as discussed
in our Background and Definitions section. These criteria
are: (1) satisfaction of prompt requirements, (2) cohesion
between output artifacts, and (3) novelty of output artifacts.
In our Methodology section, we introduce mathematical met-
rics and an iterative process involving construction of image
chains to measure these, and we subsequently analyze the
results through both statistical and visual means. The chain
construction is inspired by the Telephone game and includes
a repeated generation of new outputs based on the previous
ones. This process is repeated for a predefined number of
steps, with the resulting chain analyzed for the concepts intro-
duced above. To the best of our knowledge, while previous
papers have described aspects of creative behavior, this is
the first attempt at mathematically measuring useful aspects
of task-oriented creativity in popular img2img generation
models.

Figure 1: KANDINSKY 2.2 and STABLE-DIFFUSION 3 chains
seeded with the same image, donuts_014.

Due to the brevity of this paper, we only present the sum-
mary results and a very small number of illustrative images
from our experiments. The code, full experimental results,



and chains of images can be downloaded from https:
//figshare.com/s/d88d4966b606163d02fc.

Background and Definitions

We use the term “artifact”, derived from (Hauhio 2024)’s
usage as well as the common linguistic meaning, to refer
to a core feature of a text or image, such as “apple pie” in
the textual prompt “a slice of apple pie”, or a segment of an
image labeled “pie” by an object detection tool. Each prompt
and output can therefore be understood as a set of artifacts.

Hauhio’s paper proposes multiple artifact spaces, the re-
lationship between which can be used to classify models’
behavior as creative. C, referred to as the “conceptual set”
by (Hauhio 2024), is the set of artifacts specified in the user’s
input prompt to a generative model, and V is the set of ar-
tifacts a user would find valuable given that this user has a
specific goal in using the generative model. Expanding the
set of valuable artifacts from strictly C' to encompass distinct
ones from V' as well can therefore be understood as one facet
of creative behavior.

We propose to characterize outputs of models according
to three criteria, whose formal quantitative definitions we
present below: input prompt requirement satisfaction, cohe-
sion, and novelty.

Satisfaction of Prompt Requirements, the idea that an out-
put contains (all) the elements specified in the user’s input,
builds off (Peeperkorn et al. 2024)’s statement that an out-
put must be typical of its class, as well as (Hauhio 2024)’s
“concept set” C'. We build cohesion from (Peeperkorn et al.
2024)’s assertion that an output must also be useful to be con-
sidered creative, by working off the idea that an output with
elements that are generally more closely related to each other
has more use cases than an output with disjoint elements.
Cohesion is also derived from (Boden 1998)’s “association
of ideas”: how well does a generative model build strong
associations between artifacts within its output in response
to a given prompt? For novelty, we build off (Hauhio 2024)’s
idea of valuable artifacts that were not specified by the in-
put prompt, but are added spontaneously by the generative
model, as well as (Peeperkorn et al. 2024)’s and (Boden
1998)’s ideas that an output must contain novel elements to
be considered creative. Specifically, (Boden 1998) mentions
“transformational” creativity as the idea that new elements
can be introduced into a space through transformation, a be-
havior directly linked to the ability of img2img models to
generate novel output elements using the framework of an
image input.

These measures form a system of checks and balances.
Novelty is widely accepted as a necessity for creative out-
put, but including requirement satisfaction as a core aspect of
task-oriented creativity ensures the penalization of image gen-
erators that hallucinate and do not follow task requirements,
and cohesion ensures that generators are rewarded for produc-
ing novel outputs that are semantically comprehensible. This
balance aligns with prior ideas surrounding computational
creativity, such as Pearce and Wiggins’ finding that human
reviewers reward Al-generated musical compositions that fall
within a range of novelty that does not strike the reviewers as
“too strange” (Pearce and Wiggins 2001).

In the definitions below we use the following notations:
M is the generative model, Ag is the artifact set of a given
output image Oy (generated by M), and Ay is the artifact set
of the input prompt I, which can be an image or a text. The
cosine similarity measure, which is used throughout these
definitions, is a way of measuring the similarity between the
vector projections of two artifacts in semantic embedding
space—in other words, a way to mathematically compare
the meanings behind textual representations of artifacts. It
will be henceforth denoted as the function 6 or as the dot
product -, depending on context. For a set A of artifacts,
the embedding of each artifact a € A in semantic space is
calculated using the embedding function emb, denoted as
emb(a) = a (Matsuki, Lago, and Inoue 2019).

Definition 1 (Satisfaction of Prompt Requirements) An
image is said to be satisfying requirements if A; C Ap. In
other words, all artifacts in I are present in O)y.

To measure the cohesion of Oy, we wish to capture the
sentiment of “how much do any artifacts introduced by the
generator make sense within the context of the prompt?” To
accomplish this, we must measure the closeness of the rela-
tionships between seed artifacts and introduced artifacts in
the generated image without being too dependent on our third
measure, novelty, while also not penalizing the generator for
low similarity between input prompt elements. We first calcu-
late the mean of the semantic similarity scores between each
artifact of A; and the closest artifact from Ao, and then calcu-
late the maximal similarity between artifacts from Ap. We do
this in order to algorithmically approximate the relationships
between elements in the generated image without being too
dependent on the cardinality of the set of introduced elements,
while also not penalizing the generator for low similarity be-
tween input prompt elements. As a hypothetical illustrative
example, if the input prompt is “a potato and a lion”, then
Aj = potato,lion. If, in the subsequent generated image,
Ao = potato,lion, onion, R2D2, zebra, strawberry, and
each element is represented by its first initial, cohesion can be
calculated by first taking P. O, L-Z , and O- S, then taking
the average of those three values. This is because the input
artifact “potato” has the highest semantic similarity to “onion”
within Ao \ Ay, the input artifact “lion” has the highest se-
mantic similarity to “zebra” within Ap \ Ay, and the two
artifacts within Ao \ A; with the highest semantic similarity
are “onion” and “strawberry”. Note that “R2D2” is excluded
from these measurements because only the maximally similar
pairs are considered, and “R2D2” is not maximally similar
to either of the seed artifacts, nor is it maximally similar to
any of the other introduced artifacts.

Definition 2 (Cohesion) Cohesiveness C(O ) of an output
image Oy is defined wrt the input I. Given the set Ay of the
artifacts in I and the set Ao of the artifacts in Oyy, let P be
the set of all pairs (a,b), where a € Ap \ Ay and b € Aj.

Furthermore, let My = max(c q)eao\4, ((¢) - (d)). Then,
cohesiveness of Oy is defined as

Ea:(a’b)epmaxb:(a,b)GP((&) : (b)) + My
|P|+1 '

C(On) =



We note that the scalar product (@) - (b) of the repre-
sentations of @ and b in the semantic embedded space in-
creases with increasing similarity between a and b. As

0<(a)-(b) <1,als00<C(On) < 1.
Definition 3 (Novelty) Novelty D(O ) of an output image
Oy is defined as the proportion of new artifacts in the image,

if Oy contains all artifacts of I. In other words, D(Oyy) is
7|A|(ZQDA‘I| if A; C Ao and is 0 otherwise.

While novelty and cohesion are not independent concepts,
an output image O can have high novelty and low cohesion
if it contains many new artifacts with low similarity to the
original ones, and it can also have high cohesion and low
novelty if there are very few new artifacts and they are very
similar to the original ones.

Methodology

In this section, we outline our methodology for quantitative
evaluation of task-oriented creativity in image generation
models.

Chain Construction

l
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Figure 2: One step in the iterative chain process.

As (Hauhio 2024) points out, image generation models
are often used iteratively, with users modifying their input
prompts based on the artifacts present in the generated output.
In this paper, we simulate this iterative approach, which
allows us to measure the afore-discussed aspects of creative
behavior in a way that is more pertinent to real-world use-
cases. Similar automated approaches have been used for
related tasks such as image generation refinement (Wang et
al. 2025), but to our knowledge this is the first time such an
iterative process has specifically been used to quantify any
form of creative behavior exhibited by Al models.

Our experimental setup evaluates how strongly both text
and image inputs influence aspects of task-oriented creativity
as exhibited by generative models. We base our approach
on the well-known game telephone (or Chinese whispers).
As in this game, each chain in our experiment begins with a
“ground truth”, or seed image. For each step k in the chain, we
use the image generated in step k—1 as input to the generative
model. To produce the text input, we auto-generate a caption
for the generated image from step £ — 1 and feed that into the
image generation model alongside image k£ — 1. This process

repeats for x iterations, where x is a parameter chosen by the
user. Figure 2 illustrates this process.

Measures for Creativity

Using the conceptual definitions of requirement satisfac-
tion, cohesion, and novelty provided earlier, we can define
mathematical measures for each of these aspects in the con-
text of the chains, so that we can quantify the creative behav-
iors exhibited by the generator used within a given chain.

The satisfaction factor measure provides the backbone for
the other two, as we want to focus on images that exhibit
a higher-than-random level of requirement satisfaction for
the input prompt. We expand and quantify Definition 1 to
produce this measure for a chain of images rather than a
single comparison between two images, by measuring how
well the prompt requirements are propagated throughout a
chain. Therefore, for a given chain, we quantify satisfaction
factor (RS) as the normalized longest unbroken sequence of
the chain wherein, at each step, the seed artifact set, or a set
of artifacts that approximate the seed artifact set within a
cosine similarity threshold ¢, is a subset of the artifact set of
the image generated for that step.

We then multiply this proportion of the chain by the aver-
age 0 score for the set of pairs consisting of one artifact from
the seed set and its closest match in the generated image’s
artifact set, to account for the fact that the generated image
may not be perfectly faithful.

The later in the chain the seed artifacts or their approxi-
mations still appear, the higher the satisfaction factor value
is going to be, although it also depends on how closely the
artifacts in the generated image approximate the chain image.

A chain’s Cohesion Factor (Bg) and Novelty Factor (Dg)
can be calculated using Definitions 2 and 3 from the last
image in the unbroken chain as described in the Requirements
Satisfaction Factor metric.

An example illustrating the calculation of these three met-
rics follows: Given a hypothetical chain generated from a
seed artifact set [“apple pie” [AP], “horse” [H]], we observe
that the eighth generated image in the chain is the last one
that falls within the chosen cosine similarity threshold. Fur-
thermore, we observe that has the artifact set [“apple cake”
[AC], “horse” [H], “pear” [P], “jockey” [J]]. The proportion
of the chain that satisfies the input prompt would be 0.8, and
to calculate the Requirements Satisfaction Factor, this value
would be multiplied by the average similarity scores between
the closest corresponding elements from both sets, in this
case AP, AC and H, H:

0(AP,AC)+ 6(H, H)

5 .

The Cohesion Factor would be calculated as
O(AP,P)+0(H,J)+6(P,J)

3 .
The Novelty Factor would be 0.5, given that half the elements
of the generated image artifact set are not present in the input
artifact set.

In order to measure overall task-oriented creativity, we
combine these measures to an overall task-oriented creativity




ranking score, C R, where 0 < C'R < 1. For a given chain:

Br+ Dpgr
72 .

The chain under evaluation is a parameter to all scores we
introduce in this section; it is omitted for brevity.
Intuitively, C'R can be higher than 0 only if the generated
images satisfy the prompt requirements; this prevents us from
awarding a high C'R to hallucinating models. On the other
hand, a mechanistic copying of the seed image is not creative
either. Indeed, while RS = 1 for a mechanistic copy, both
Bpr and Dpg, are 0, hence resulting in the creativity score 0 as
well. For models that satisfy the prompt requirements and
add new elements to the generated images, both the novelty
between the new elements and their cohesion with the seed
image elements, as well as between themselves, affect C'R.
Given a set X of generative models, we can use the means
of RS, Br, Dg, and CR across the total number of chains
for all models in X to rank them in terms of specific aspects
of task-oriented creative behavior as per our earlier discus-
sion. Of course, this ranking does not necessarily correlate
with general creativity. Extensions or modifications to these
definitions can be explored to better fit specific domains or to
align with different interpretations of task-oriented creativity.

CR = RS x ey

Evaluation
Experimental Setup

For our experiments we selected sets of simple seed images
focusing on a single, easy-to-detect subject, as these would be
the easiest to measure requirement satisfaction, cohesion, and
novelty, since A; would be 1. Since many object detectors
are trained on datasets that prominently feature food images,
we pulled our 999 seed images from the publicly-available
Food-101 dataset (Bossard, Guillaumin, and Gool 2014).
We selected three food categories at random: “apple pie”,
“donuts”, and “pizza”, and randomly selected 333 images
from each. Input prompts I were constructed from each of
these seed images.

We evaluated our measures on three popular open-source
image generation models from Hugging Face: STABLE-
DIFFUSION 3 3 (8.1 billion parameters) (Esser et al. 2024),
KANDINSKY 2.2 (4.6 billion parameters) (Razzhigaev et al.
2023), and FLUX (12 billion parameters) (BlackForestLabs
2023). For the text input, we generate a text caption for the
seed image using the KOSMOS model from Hugging Face
(Peng et al. 2023), and the image input consists of the image
generated in the previous step of the chain (or, for the first
generative step, an image from the seed dataset). In our exper-
iments, we set the maximal length of the chain to 10 to avoid
computational explosion, while still producing meaningful
results.

To compute the measures of requirement satisfaction, co-
hesion, novelty, and creativity ranking defined earlier, we
used two object detectors, GROUNDINGDINO (Liu et al.
2023) and DETR (Carion et al. 2020), to extract artifacts
in textual form from images in the chain, where the initial
image is the seed image, and for A; we simply use a text
representation of the subject of the seed image: apple pie,

donut, or pizza. For word embedding and semantic similarity
calculations between the artifacts, we used the SPACY library
(Montani et al. 2023). We selected 0.65 as the value of ¢ for
satisfaction factor, after running preliminary tests to account
for incorrect object detection results.

We used paired T-tests, which are statistical tests tailored
to compare the application of different processes to the same
input data points, in order to determine any statistically sig-
nificant differences between results for different image gen-
eration models, on the same dataset of 999 images. We used
SCIPY’s ttest_rel function to perform these tests.

To verify reproducibility, we repeated a subset of the ex-
periment with 100 randomly picked seed images, confirming
that the statistical differences between the reruns match the
ones we extracted from the main experiment, with any dis-
crepancies in averages being explained by the vastly reduced
size of the seed dataset in the rerun.

Analysis

Our first observation is that the average C' R across all the
models was relatively low, ranging from 0.08 to 0.18. This
means that none of the image generation models we tested
performed extremely well in terms of task-oriented creativity.
Manual examination showed that these low scores were due
to multiple factors: early deviation from the prompt require-
ments, satisfaction of prompt requirements but low novelty,
or the generation of unclassifiable objects such as glitchy
patterns or irregular geometric shapes. However, the paired
T-tests we ran support the claim that task-oriented creativ-
ity is measurably different between some generative models.
We noted that FLUX displayed a statistically significantly
higher average Requirements Satisfaction Factor (0.74) than
the other two models (0.7 for KANDINSKY 2.2 and 0.45
for STABLE-DIFFUSION 3), but FLUX and KANDINSKY
2.2 performed about the same on Cohesion Factor (0.15),
Novelty Factor (0.25 vs 0.24 respectively), and overall task-
oriented creativity C' R (0.18 vs 0.17 respectively). STABLE-
DIFFUSION 3, however, displayed statistically significantly
lower averages across the board, indicating a much lower
performance on task-oriented creativity measures than FLUX
and KANDINSKY 2.2.

Two sample chains from our process are illustrated in Fig-
ure 1. The top chain of images was produced using the model
FLUX, while the bottom chain was produced using the model
STABLE-DIFFUSION 3. The leftmost image in both chains is
the non-generated seed image, with A; = apple pie, while
the rest were generated by the respective models. In the FLUX
chain, requirement satisfaction is maintained through the gen-
erated images, which contain Ao = cake, an artifact that
falls within the cosine similarity threshold ¢ as described in
our Methodology subsection on Measures for Creativity. The
model also adds novel artifacts: “plate”, “cream”, “crumbs”,
and “fork” (with the latter being out of focus in the back-
ground of the image). All of these introduced artifacts exhibit
high cohesion, since they make sense in the context of the
seed image and are all generally highly semantically related:
“crumbs”, for example, have a close semantic relationship to
“apple pie”, which also has a close semantic relationship to
items like “cream” and “plate”. The STABLE-DIFFUSION 3



chain, seeded with the same image, maintains requirement
satisfaction through propagating the seed artifact “apple pie”
throughout the chain, and adds two novel elements: “syrup”
dripping down onto the pie, and “crumbs” surrounding the
pie.

Notably, the object detection tools used within this ex-
periment failed to detect any of the extraneous artifacts, an
issue that is unavoidable when using automated tools, but
manually calculating the scores for the first chain, dubbed
(1, yields the following values according to our mathemat-
ical definitions as per our Methodology subsection on Mea-
sures for Creativity: RS(C1) = 0.68, Br(C1) = 0.52, and
Dg(Cy) = 0.8. For the second chain, dubbed Cs, the cal-
culated values are RS(C2) = 1.0, Br(C3) = 0.52, and
Dpr(Cs2) = 0.67. Based on these values, CR(C) = 0.45
and CR(C3) = 0.6, with the second chain scoring higher
due to preserving the seed artifact perfectly. Both chains
display medium levels of task-oriented creativity, with some
distinctively novel elements. Note that SPACY is still used
to calculate cohesion, with the maximally similar pairs for

C1 being “apple pie”, “cream” and “crumbs”, “cream”, and

the maximally similar pairs for Cy being “apple pie”, “syrup”

and “crumbs”, “syrup”.

Limitations

Apart from computational resources, a significant limita-
tion of our approach is its reliance on existing popular object
detection and word similarity calculation tools. These mod-
els are prone to making decisions that do not seem intuitive
to humans, such as placing two seemingly unrelated words
close together in semantic embedding space, labeling one
object with a similar but incorrect designation (for example,
labeling a slice of apple pie as a slice of cake), or failing to de-
tect an object altogether, as described in our prior discussion
of Figure 1. There is currently no way around this limita-
tion, but as the outputs of such tools more closely approach
human-level understanding, the quality of our measures will
improve accordingly. Additionally, in order to improve the
visual accuracy and explainability of our proposed measures,
future research could incorporate human observation as a
factor in validating the scores output.

We also acknowledge that the simplicity of our seed image
dataset, although easy to experiment on and ideal for observ-
ing changes, could impact creativity scores, especially since
we set the seed artifact sets to only contain the main subject
of the image, ignoring extraneous elements in the seed im-
ages (such as plates, tables, and phones) for clarity. Seed
images with a large artifact set may potentially increase Dg,
for example, or make it harder for generated images to sat-
isfy prompt requirements. Exploring task-oriented creativity
across diverse domains and more complex datasets subjects
is a crucial next step, particularly since the metrics defined
within this paper are meant to accommodate that level of
complexity.

Conclusions and Future Research

In this paper, we suggest a set of measures to quantitatively
evaluate task-oriented creativity in generative models, and

run a series of experiments to study their manifestation in a
set of popular img2 img models. The results of statistically
comparing these metrics show that some models perform
higher on task-oriented creativity measures than others, and
this is supported by visual examination of the results.

We can, therefore, answer the research question posed in
the introduction affirmatively: our metrics provide a fine-
grained and intuitive score of creative behavior in generative
models when responding to a prompt, which in turn permits
users a greater ability to select the appropriate model for a
given task. Further directions for this research include explor-
ing more models, explaining why some generative models
score differently, and determining whether these metrics can
be generalized to tailor future model architecture and training
techniques to specific purposes.
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