
Annotating Aesthetics
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Abstract

Recent advancements in text-to-image models can generate
high quality images from prompts, but lack diversity for
vague prompts like “beautiful”. This may stem from limi-
tations in training data. The LAION-Aesthetics dataset was
constructed by rating images for liking. However, philosoph-
ical and empirical aesthetics research indicates that aesthet-
ics involves appraisal and contemplation beyond liking. This
study tested four hypotheses to study alternative aesthetics
annotation methods for images: activating semantic concepts,
rating aesthetic value, ranking images, and 2-alternative
forced choice preference. Experiments with crowdworkers
found no alternative which outperformed the baseline. Fur-
ther research can look into diverse image classes, consider re-
gional/demographic influences, annotator expertise, and vary
annotation contexts.

Introduction
Recent advancements in text-to-image models (a form of
Generative Artificial Intelligence), such as Stable Diffusion1,
enable the generation of high quality images from textual
prompts. However, we observe limitations in the diversity of
outputs when using vague prompts like “beautiful”. As seen
in Figure 1, images generated from this prompt predomi-
nately depict women and flowers. This is despite the term
“beautiful” encompassing a wide range of aesthetics across
people, objects, scenes. In this work-in-progress, we ask,
how is this possible? There may be different reasons why
this observation occurs. One plausible explanation could lie
within the training dataset of Stable Diffusion.

Figure 1: Images generated with Stable Diffusion, using the
prompt “beautiful”.
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SD was trained on the LAION-Aesthetics 5+ dataset2, a
large collection of images and associated alt-text, controlled
for aesthetic value of the images (Schuhmann 2022). This
dataset was constructed by asking the simple question “How
much do you like this image on a scale from 1-10?”. As
will be described in the related work section, an aesthetic
experience is a complex sensory experience. The process of
inquiring participants about their image liking appears to not
fully encompass the intricacies of this multifaceted human
experience.

This paper investigates the challenge of AI-generated
images lacking diverse aesthetic topics related to specific
prompts, despite minimal explicit guidance during genera-
tion. We do so by following different lines of inquiry, ex-
perimenting with different questions and modalities. In the
future, it is anticipated that crowdworkers will be involved
to annotate these datasets for models like Stable Diffusion.

Related work
This section addresses related literature concerned with aes-
thetics, and highlights the two lines of inquiry followed in
this project, namely the impact of question and response
framing and effects of response modalities.

Aesthetics in philosophy
From a philosophical and neuropsychological perspective,
aesthetics is considered to be a sensory experience (Baum-
garten 2007; Merleau-Ponty 2011; Mandoki 2007; Saito
2010), which leads to a disinterested encounter (Kant 2000),
involving appraisal (Simpson 1975) and inducing a contem-
plative state (Schopenhauer 2010; Chatterjee 2002, 2003;
Vartanian and Skov 2014) in beholders.

Construction LAION-5b
To create the training dataset from Stable Diffusion, a pre-
dictor was trained that ascribed an ’aesthetic’ score to im-
ages. This predictor was deployed to bucket the photos from
the LAION 5B dataset for aesthetic scores. All images with
an ascribed aesthetic score of 5+ were included in the train-
ing dataset (Schuhmann 2022). This predictor is thus respon-
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sible for including and excluding images in Stable Diffu-
sion’s training dataset.

Schuhmann (2022) describes that to create the predictor,
several models were trained that predict the rating people
gave images when they were asked ”How much do you like
this image on a scale from 1 to 10?”. This annotation in-
struction is not backed by literature to actually measure aes-
thetics. With the theory described in the previous subsection
in mind, the procedure of asking participants about image
liking does not seem to cover the load of this complex hu-
man experience.

Impact of question and response framing
There are numerous ways you can have participants answer
questions, and this affects the answers these participants pro-
vide. Although the comparison of different modalities may
seem unconventional, it has been done in existing literature,
e.g. different question formulations (Semin and De Poot
1997b), rating vs. ranking (Alwin and Krosnick 1985), rat-
ing vs. 2 alternative forced choice (Yannakakis and Hallam
2011).

The Unified Model of Aesthetics (UMA) integrates per-
ceptual, cognitive, and social factors, including unity-in-
variety, typicality & novelty, and connectedness & auton-
omy (Berghman and Hekkert 2017). Faerber et al. (2010)
found that exposing participants to semantic concepts linked
to aesthetic appreciation, significantly impacts their aes-
thetic experiences. This exposure affects subsequent ratings,
demonstrating the link between semantic concept activation
and aesthetic perception. This leads to the following hypoth-
esis [H1]: exposing participants to semantic concept activa-
tion through questions about unity-in-variety, typicality &
novelty, and connectedness & autonomy, will influence their
ratings of how much they like images.

The way in which a question is phrased influences par-
ticipant responses (Semin and De Poot 1997a,b). Various
studies directly inquire about the aesthetic value of stim-
uli (Bhattacharya, Sukthankar, and Shah 2010; Datta et al.
2006; Zhang et al. 2014; Redi et al. 2013; J-D 2022). This
literature forms the basis for the following hypothesis [H2]:
The manner in which participants are asked a question on
aesthetics significantly impacts their responses.

Effects of response modalities
Ranking, demonstrated as an effective modality (Nguyen
et al. 2012; Yuan et al. 2023), is combined here with asking
directly for aesthetic value, as described above, leading to
the following hypothesis [H3]: Participants’ rankings of im-
age aesthetics will show significant differences when com-
pared to their subjective ratings of image liking on a scale of
1-10.

The 2AFC (alternative forced choice) modality is valuable
for assessing relative aesthetic preferences (Palmer, Schloss,
and Sammartino 2013; Wu et al. 2023; Swanson, Escoffery,
and Jhala 2012; Bara, Binney, and Ramsey 2021; Bıyık et al.
2020; Sadigh et al. 2017). This forms the basis of the follow-
ing hypothesis [H4]: The alternative forced choice annota-
tions of image aesthetics will result in significantly different

outcome scores compared to participants’ subjective ratings
of image liking on a scale of 1-10.

Methods
Participants
Surveys were conducted on Prolific, aiming for n=10 per set
of 10 stimuli. Crowdworkers were excluded from analysis
for failing attention checks or for not completing surveys.
Each treatment had n = 20 participants, with exceptions for
the aesthetic value treatment (n = 17) and ranking treatment
(n = 19).

Materials
Participants viewed 10 images with “building” alt-text from
LAION 5B, rescaled to uniform size. The exploratory stud-
ies performed here aimed to investigate rather than validate,
so results should be interpreted cautiously. Stimulus sets
were controlled to have similar aesthetic distribution through
collaboration between researchers and surveys (n = 12,
n = 60) with design master students.

Procedure
Participants were invited via Prolific 3. Each experiment be-
gan with training tasks that aligned with the respective treat-
ment, as suggested by (Daniel et al. 2019). In each exper-
iment, the control treatment was compared with an alter-
native treatment. In the control treatment, participants were
asked to rate the stimuli on the following scale: “how much
do you like this image on a scale from 1 to 10?”, as described
by Schuhmann (2022).
• The semantic concept activation treatment (Exper-

iment 1): In this treatment, participants encountered
12 items related to aesthetic appreciation, adapted from
prior research (Berghman and Hekkert 2017). The social
level of the UMA is interpreted as relatedness to make
it context appropriate (Deci and Ryan 2000). Each item
was rated on a scale from 1 to 10 and served as seman-
tic concepts. After this exposure, participants were then
asked to rate the stimulus for liking on the same 1 to 10
scale.

• The aesthetic value treatment (Experiment 2): Partic-
ipants were instructed to assess the aesthetic value of im-
ages by responding to the question “how aesthetic do you
find this image?” using a scale from 1 to 10.

• The ranking treatment (Experiment 3): For this treat-
ment, participants were tasked to rank 10 stimuli based
on their aesthetic value.

• The 2AFC treatment (Experiment 4): Here, partici-
pants were presented with pairs of images and asked to
make forced-choice preference selections.

The experiments compare the control treatments to alter-
native treatments based on two main criteria: the alternative
treatments yield significantly distinct results from the con-
trol treatment, and the internal consistency meets the accept-
able threshold of Cronbach’s alpha value ≥ 0.7. The analysis
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for these experiments were performed using JMP 17 soft-
ware.

Results
H1: Semantic Concept Activation T-tests revealed no
significant differences (p ≥ 0.12) per image between treat-
ments. Cronbach’s alpha indicated satisfactory inter-rater
reliability for both semantic concept activation treatment
(α = 0.89; α = 0.82) and control treatment (α = 0.94;
α = 0.76). This suggests that semantic concept activation
has no significant impact on participants’ liking ratings.

H2: Aesthetic Value T-tests showed no significant differ-
ences (p ≥ 0.07) per image between aesthetic value treat-
ment and control treatment. Inter-rater reliability compar-
isons indicated no systematic increase for the aesthetic value
treatment (α = 0.84; α = 0.93) compared to the control
treatment (α = 0.94; α = 0.76). This implies that rating
images for aesthetic value and image liking are equivalently
appropriate.

H3: Ranking Experiment 3 compared ranking and rating
modalities. Linear regression analyses assessing the rela-
tionship between calculated mean scores and relative ranks
demonstrated weak correlations (slope = 0.13; slope =
0.27), lacking statistical significance (p = 0.38; 0.26) with
unacceptable R-squared values (R−squared = 0.04; 0.07).
Cronbach’s alpha indicated high reliability for control treat-
ment (α = 0.78; α = 0.85) and poor reliability for rank-
ing treatment (α = 0.41; α = −0.82). A negative Cron-
bach’s alpha value is noteworthy. Having reviewed the data,
it seems that this may be due to the small sample size. For
this data, ranking images on aesthetic value performs signif-
icantly worse for the pre-set criteria.

H4: 2AFC Experiment 4 compared 2AFC and rating
modalities. To compare the two, we rescaled the number of
preferred stimulus clicks per participant to 1-10. No signifi-
cant difference (p = 0.75) was found in mean scores per im-
age. Cronbach’s alpha indicated no increase in reliability for
2AFC treatment (α = 0.82; α = 0.92) compared to control
treatment (α = 0.78; α = 0.85). This suggests that pref-
erence indication and image liking ratings are equivalently
appropriate.

Discussion
Experiments found no significant differences between image
liking ratings and alternative aesthetics annotation methods
like concept activation, aesthetic value ratings, ranking, or
2AFC for this stimulus set. Despite hypotheses that alter-
nate techniques may better capture aesthetics, none clearly
improved upon liking ratings in terms of distinctiveness or
reliability. Based on the literature discussed, these findings
are surprising.

In fact, one of the alternative approaches, the ranking
method, even performed significantly worse. It remains un-
clear whether the lack in diversity found in the predicted
images is attributable to the question itself (“How much do
you like this image on a scale from 1-10?”) or the man-
ner in which the question was asked. To further explore

this topic, it would be interesting to examine different im-
age classes, including non-functional and/or controversial
topics. In Kant’s view, “free beauty” arises from appreci-
ating the stimulus itself, while “dependent beauty” relates
to how effectively the stimulus serves its intended purpose
(Kant 2000). Functional stimuli might predominantly evoke
a sense of dependent beauty. In this state of functional con-
templation the viewer places value on the stimulus’s practi-
cal attributes, rather than its aesthetic qualities in aesthetic
contemplation. Furthermore, it is interesting to look at how
non-aesthetic properties influence aesthetic scores. Thus, it
is possible to look at how certain aspects of the stimuli
(e.g. scariness) as confounding variables potentially influ-
ence participants’ ascribed aesthetic scores.

Our post-hoc analysis did not reveal significant effects
of region. However, prior work demonstrates aesthetic pref-
erences vary across regions and time periods (Hekkert and
Leder 2008; Berghman and Hekkert 2017). Further investi-
gating regional influences remains important. If regions im-
pact aesthetic judgments, this could raise questions around
the potential need for developing region-specific training
models.

Next to this, it is worth considering that crowdsourcing
might not be the most appropriate method for measuring aes-
thetic experiences. Several studies suggest participants have
heightened aesthetic experiences within museums versus lab
contexts (Brieber, Nadal, and Leder 2015; Locher, Smith,
and Smith 1999, 2001). In other words, investigating diverse
annotation settings could provide valuable insights. We rec-
ommend that future research should involve diverse partic-
ipant demographics to annotate images and compare with
crowdworkers, and consider comparisons with aesthetic ex-
perts (e.g., Hosu et al. (2019) uses photographers as experts
for image aesthetics).

Lastly, these experiments were designed primarily for ex-
ploration rather than validation, utilising small stimulus and
sample sizes. Furthermore, the high inter-rater reliability ob-
served in the control treatment might be influenced by the
specific image class used, potentially limiting the applicabil-
ity of our results. Future research should consider alternative
image classes. To further explore the generalisability of our
findings, additional research should investigate performance
across diverse image classes, including natural scenes, ab-
stract art, and provocative content. Stimuli specifically se-
lected to evoke a spectrum of aesthetic reactions could better
discriminate between annotation approaches.

Conclusion
In conclusion, this work-in-progress explored alternative
methods for assessing aesthetic preferences to label image
datasets that can be used for training Generative AI mod-
els. Despite formulating and testing various approaches, in-
cluding semantic concept activation, aesthetic value rating,
ranking, and 2AFC, none outperformed the LAION Aesthet-
ics approach. Further research into different image classes,
the influence of region, annotation contexts, and involving
participants from various demographic groups are recom-
mended for a comprehensive understanding of aesthetic ex-
periences in this context.
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