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Dynamic neural representations 
of scene beauty are relatively 
unaffected by stimulus timing and 
task
Sanjeev Nara1,2,3, Lara Becker4, Lilly Hillebrand4, Rongming Xiang1 & Daniel Kaiser1,5,6,7

Understanding the neural correlates of aesthetic experiences in natural environments is a central 
question in neuroaesthetics. A previous EEG study (Kaiser, 2022) identified early and temporally 
sustained neural representations of visual scene beauty. These results were obtained with long 
presentation durations (1450 ms) and with explicit beauty judgments, rendering it unclear how 
presentation time and task demands shape the neural correlates of scene beauty. In two EEG 
experiments, we replicated this study while varying presentation time and task. Experiment 1 tested 
whether reducing stimulus presentation time from 1450 ms to 100 ms altered neural representations of 
beauty. Experiment 2 examined whether beauty-related representations prevailed when participants 
performed an orthogonal task instead of explicitly judging beauty. Representational similarity analysis 
revealed that beauty-related neural representations emerged early (within 150–200 ms post-stimulus) 
and were sustained over time, in line with previous findings. Critically, we found that neither reduced 
presentation time nor the absence of an explicit beauty judgment significantly altered beauty-related 
neural dynamics. These results suggest that the neural correlates of scene beauty are relatively 
robust to stimulus presentation and task regimes, providing a potential correlate of the spontaneous 
perception of beauty in natural environments.

In our daily lives, some visual inputs appear more beautiful to us than others. Understanding visual preferences for 
natural scenes has attracted interest in the field of neuroaesthetics. Neuroaesthetics is generally concerned with 
the neural foundations of aesthetic experiences, including the appreciation of art, beauty, or other aesthetically 
pleasing stimuli. One of the core questions asked in the field is how neural activations differ for stimuli that 
are rated as beautiful and stimuli that are rated as not beautiful, in an attempt to distill the neural mechanisms 
that give rise to beauty. For natural scene beauty, functional magnetic resonance imaging (fMRI) studies 
identified a network of brain areas that represent scene beauty, spanning the visual cortex, frontal circuits, and 
the default mode network1–6. The temporal dynamics of these representations is less well understood. A recent 
electroencephalography (EEG) study7 shows that the beauty of natural scenes is represented already during 
early stages of cortical processing (within the first 200 ms of stimulus analysis), indicating a perceptual basis 
for the representation of beauty. These neural representations of beauty were temporally sustained, suggesting a 
continued influence of post-perceptual, cognitive processes.

This temporal cascading from prominent and early perceptual coding to sustained post-perceptual coding 
was established in an experimental setting where participants viewed scenes images for a relatively long duration 
(1450 ms) and provided explicit beauty ratings on every trial. This raises the question how the neural dynamics 
related to perceived beauty change under different experimental demands. Specifically, how does the temporal 
evolution of representations change when presentation time and task are altered?

First, manipulations of presentation time are interesting because they limit the prolonged cognitive engagement 
with the stimulus while it is on the screen. In face perception, brief presentation times alter judgments of faces of 
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low but not high attractiveness8, suggesting some changes in beauty perception with shorter exposure. In scene 
perception, the perceived beauty of a scene is somewhat unaffected by the presentation time, with substantial 
correlations of beauty ratings across presentation times9,10. Yet, superficially similar ratings do not exclude 
differences on the neural level: With shorter presentation times, beauty ratings may more strongly correspond 
to early neural responses reflecting perceptual processing, and less strongly to later neural responses reflecting 
cognitive evaluation. In Experiment 1, we test this hypothesis by replicating the previous EEG experiment on 
scene beauty7 with brief presentation times of just 100 ms.

Second, manipulations of task are interesting because they probe the automaticity of beauty perception. They 
thereby address whether aesthetic perception is spontaneous or an intentional process11. Current results on this 
issue are inconsistent. In face perception, EEG waveforms differentiate high and low face attractiveness, even 
without an attractiveness task12,13. Yet, waveform differences between attractive and unattractive faces can be 
modulated by task (e.g., across attractiveness and gender judgments), somewhat arguing against the automaticity 
of beauty perception26. In the perception of artworks, waveform differences between artistic and non-artistic 
stimuli can persist under an orthogonal task regime, too14. In Experiment 2, we test how neural representations 
of scene beauty change with the current task by replicating the previous EEG experiment on scene beauty7 with 
an orthogonal task unrelated to scene beauty.

In this manuscript we present data from two EEG experiments exploring the effect of presentation time and 
task. Systematically comparing the results of the two experiments to a previous EEG experiment with a longer 
presentation time and explicit beauty ratings7, we delineate how time-resolved neural representations change 
with presentation time and task. We hypothesized that initial representations of beauty are driven by perceptual 
scene attributes, and thus not critically depend on timing and task, whereas later representations reflect cognitive 
processes, and thus emerge more prominently under long presentation regimes and when beauty is task-relevant.

Materials and methods
Participants
We conducted two EEG experiments. Experiment 1 was completed by 30 healthy adults (mean age 24.5 years, 
SD = 4.14 years; 21 women). One participant was excluded due to excessive motion, yielding a final sample of 29 
participants. Experiment 2 was completed by 27 healthy adults (mean age 22.9 years, SD = 4.18 years; 24 women). 
Participants received financial remuneration. All participants provided written informed consent. Procedures 
were approved by the ethics committee of the Justus Liebig University Gießen and were in accordance with the 
Declaration of Helsinki.

Stimuli and paradigm
The stimulus set was the same as in our previous study7. It consisted of 100 diverse natural scene photographs 
(see Fig. 1A for examples) taken from the AVA15 and photo.net16 image databases. The stimulus set featured 
50 pairs, matched for overall content (e.g., whether animals, people, or nature were depicted) and for low-level 
properties. The pairs were constructed so that one stimulus in each pair was judged as very beautiful in the 
available database ratings, whereas the other one was judged as not beautiful. The more and less beautiful stimuli 
in each pair were not characterized differing low-level visual features: When linear classifiers were trained to 
discriminate between the more and less beautiful images within pairs based on GIST descriptors17 or on HMAX 
features18, they failed to accurately judge which of the images in a new pair was the more beautiful one (for 
details, see7).

Both experiments used a similar paradigm, which was largely identical to the previous EEG studies on face 
and scene attractiveness7,19. On each trial, a natural scene image was presented (8° × 5.3° visual angle), followed 
by a 1–7 rating response screen that was operated via the computer mouse. To prevent participants from 
preparing a motor response in advance, the response options were presented at random angular positions across 
the circular response screen, with rating options (1 to 7) always increasing in clockwise direction. Participants 
were further instructed to keep central fixation and to restrict eye blinks to the response period. Trials were 
separated by an inter-trial interval randomly varying between 800 and 1200 ms. The experiment consisted of 
seven blocks, in each of which each scene was shown once, in random order. Each image was therefore repeated 
7 times, yielding 700 trials in total.

In Experiment 1, the scene stimulus was presented for 100 ms, followed by a 1350 ms fixation before the 
response (Fig.  1B). This timing was considerably faster than in the previous study7, where the stimulus was 
presented for 1450 ms, allowing us to compare beauty-related responses across conditions where sustained 
evaluation of the stimulus was possible or not. The stimulus was followed by a 1–7 beauty rating, as in the 
previous study.

In Experiment 2, the scene stimulus was presented for 1,450 ms, as in the previous study7. Here, however, 
participants were asked to rate the time of day the image was taken on a scale of 1 to 7 (from 1: early morning 
to 7: late at night). This allowed us to investigate whether the neural correlates of scene beauty are still robustly 
observed without a beauty-related task.

In both studies, stimulus presentation was controlled using the Psychtoolbox20 in MATLAB 2021a.

EEG recording and preprocessing
EEG data was recorded using a 64-channel Brain vision recorder with an Actichamp amplifier. Electrodes were 
placed according to the standard 10–10 system, using the Fz electrode as a reference. Data was recorded at 
500 Hz. Preprocessing was performed offline using the Fieldtrip toolbox21 in MATLAB 2021a. The continuous 
EEG data was epoched into − 500 ms to 1900 ms after the presentation of stimuli and notch-filtered to remove 
50 Hz line noise. No low- or high-pass filters were applied. Bad channels and bad trials were rejected through 
visual inspection, and eye blinks were removed using the independent component analysis (ICA)22 method 
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implemented in the Fieldtrip toolbox. The preprocessed data was then cut from − 250 ms to 1450 ms for further 
analyses.

Representational similarity analysis
We used representational similarity analysis (RSA)23 to determine how time-varying neural activity relates to 
the perceived beauty of natural scenes. In RSA, pairwise dissimilarities between the neural representations of a 
set of stimuli (here: pairwise dissimilarities in EEG response patterns) are correlated to pairwise dissimilarities 
of the same stimuli in a representational model (here: pairwise dissimilarities in beauty ratings). The resulting 
correlations between the neural dissimilarities and the model dissimilarities provide a measure of how neural 
representations relate to the model (here: how neural representations relate to perceived beauty). By operating 
on multivariate EEG response patterns, RSA provides higher statistical sensitivity then classical univariate 
responses.

Neural representational dissimilarity matrices (RDMs) were created from the EEG data by computing 
pairwise dissimilarities for each pair of stimuli for every participant. Specifically, the EEG data were analyzed 
within discrete time bins of 50 ms (34 bins in total), resulting in a 100 ⋅ 100 RDM for each of the 34 bins. For 
each time point, the data from all available time points (within a 50-ms bin) and all electrodes were used. The 
available data from all trials were then divided into two subsets (randomly assigned an equal number of trials 
per condition). The first subset was used for a PCA decomposition (to reduce the dimensionality of the response 
pattern). Such dimensionality reduction has been shown to strongly improve multivariate M/EEG analysis 
in previous work24. The solution of the decomposition was then projected onto the second subset, retaining 
components that explained 99% of the variance in the first subset. RDMs were then created from the second 
subset by averaging across all trials, flattening the data into response vectors for each stimulus, and computing 
Spearman correlation between all pairs of response vectors. The correlation values were subtracted from 1 and 
arranged into a 100 × 100 RDM matrix for every bin. This process was repeated again for the two subsets swapped 

Fig. 1.  Dynamic neural representations of scene beauty across experiments. (A) During the experiments, 
participants viewed 100 natural scenes depicting various contents. Scenes were arranged into 50 stimulus 
pairs similar in content and visual appearance, in which one stimulus was more attractive, and one was less 
attractive. The images shown in Fig. 1A were generated using ChatGPT (GPT-5.2) for illustrative purposes 
only. (B) In Experiment 1, participants viewed the scenes for 100ms and provided a 1–7 beauty rating. In 
Experiment 2, they viewed the scenes for 1450ms and provided a 1–7 time-of-day rating. (C) Results from the 
previous7 study, in which participants viewed scenes for 1450ms and provided 1–7 beauty ratings, which we 
used as a benchmark to compare our results to. Here, beauty ratings predicted neural responses early on (from 
100–150ms poststimulus) and in a sustained way. (D) Results from Experiment (1) Beauty ratings predicted 
neural responses in a highly similar way as in7 despite the shorter presentation regime. (E) Results from 
Experiment (2) Despite the beauty-unrelated task, beauty ratings, taken from7, still predicted neural responses 
early on and in a sustained way, even when controlling for the time-of-day ratings. Error margins reflect SEM. 
Statistical significance is denoted by dashed line markers pcorr < 0.05.
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(i.e., initially using the first subset for PCA decomposition and projecting onto the second subset, and then the 
reverse), and the overall procedure was repeated 50 times for each time bin, assigning trials randomly to each 
subset. In the end, RDMs were averaged across all 50 repetitions to yield a single RDM.

To model the neural RDMs, we created predictor RDMs from behavioral responses. For Experiment 1, 
predictor RDMs captured pairwise dissimilarities in beauty ratings. Here, each entry was created by computing 
the absolute difference between the average beauty ratings between two scenes. For Experiment 2, where 
participants did not rate the beauty of the scenes in the experiment, we used the average beauty rating from the7 
study to create the predictor RDM. We additionally created a predictor RDM based on the time-of-day ratings 
participants provided in the experiment, where each entry was created by computing the absolute difference in 
time-of-day ratings for each pair of scenes. This allowed us to control for the time-of-day ratings when assessing 
how beauty ratings predict the neural responses.

The correspondence between predictor RDMs and neural RDMs was assessed by correlating (Spearman 
correlations) all lower off-diagonal entries, separately for each time point.

Statistical analysis
To assess how beauty ratings change with presentation times, we computed Spearman-correlation between the 
average beauty ratings obtained in7 and the average ratings obtained in Experiment 1. To test for dependencies 
between beauty ratings and time-of-day ratings, we computed Spearman-correlation between the average beauty 
ratings obtained in Kaiser (2022) and the time-of-day ratings obtained in Experiment 2.

For the RSA data, correlations between neural and predictor RDMs were compared to zero using one-sample 
t-tests (one-sided against zero) for each time bin. The resulting p-values were corrected for multiple comparisons 
using false discovery rate (FDR) corrections. Test statistics (t-values) and effect sizes (Cohen’s d) are provided 
for the peak effects.

For comparing the results of both Experiments to the previous results obtained with long presentation times 
and an explicit beauty task7, we performed three analyses. First, we compared the correlation time courses from 
the RSA across studies using independent-sample t-tests at every time point and FDR-correcting the resulting 
p-values. Second, we compared the correlation observed at the first prominent peak of the time course (the 
maximum correlation value obtained between 250 and 450 ms for individual participants) across studies, using 
independent-sample t-tests. Finally, we fitted a linear regression model (fitlm function in MATLAB) to the data 
after the first peak to estimate how correlations were sustained across time (reflecting late perceptual as well as 
post-perceptual processes). The resulting linear slopes for each participant were compared across studies using 
independent-sample t-tests.

Results
Experiment 1
When correlating the average beauty ratings obtained in Kaiser (2022) and the ratings obtained in Experiment 
1, we found a high correlation across studies (r = 0.93, p < 0.001), suggesting a limited influence of presentation 
time on perceived beauty9,10.

To track the emergence of neural responses related to natural scene attractiveness in Experiment 1, we 
correlated neural RDMs with predictor RDMs that captured the images’ pairwise similarity in beauty ratings. In 
Kaiser (2022), where the scenes were shown for 1,450ms, the average beauty ratings predicted neural responses 
in a sustained fashion, starting from the 150–200 ms time bin (peaking at 500–550 ms, t(22) = 5.80, pcorr < 0.001, 
d = 1.21; Fig. 1C). In Experiment 1, with a presentation time of only 100 ms, average beauty ratings predicted 
neural responses in a very similar way, also starting from the 100–150 ms time bin (peaking at 250–300 ms, 
t(28) = 6.65, pcorr < 0.001, d = 1.23; Fig. 1D).

No significant differences were found when comparing the results at each time point across the two studies 
(all t(50) < 2.33, all pcorr > 0.76, d < 0.47; Fig. 2A), suggesting that timing does not substantially change the neural 
dynamics related to perceived beauty. No differences were observed in the peak correlations either (t(50) = 0.90, 
p = 0.37, d = 0.25; Fig. 2B). Fitting a linear model onto the correlation time course after the peak, we found similar 
negative slopes in both experiments (t(50) = 0.59, p = 0.55, d = 0.15; Fig. 2C), indicating that representations of 
beauty were similarly sustained for different presentation times.

Experiment 2
First, to assess a possible relationship between the beauty and time-of-day ratings, we computed the Spearman 
correlation between the averages of the beauty ratings obtained in Kaiser (2022) and the time-of-day ratings in 
Experiment 2. This correlation was moderate (r = -0.32, p = 0.001), suggesting that beauty ratings and time-of-
day ratings were somewhat related.

To track the emergence of neural responses related to natural scene attractiveness, we correlated neural 
RDMs with predictor RDMs that captured the images’ pairwise similarity in beauty ratings. Here, given that 
participants did not rate the beauty of the images, we used the average ratings for each image obtained in7. Even 
without an explicit beauty rating task, beauty ratings predicted the neural responses from the 100–150 ms time 
bin (peaking at 250–300 ms, t(28) = 6.65, pcorr < 0.001, d = 1.23; Fig. 1E). These predictions were not driven by the 
time-of-day ratings across images: When partialing out similarities in time-of-day ratings, a similar prediction 
of the neural data from the beauty ratings was observed, again starting from the 150–200 ms time bin (peaking at 
250–300 ms, t(26) = 7.21, pcorr < 0.001, d = 1.38; Fig. 1E). This suggests that beauty-related neural responses were 
not driven by a covariation in behavioral responses in the time-of-day and beauty tasks.

As for Experiment 1, no significant differences were found when comparing the results at each time point 
to the results in Kaiser (2022) (all t(48) < 2.20, all pcorr > 0.83, d = < 0.12;Fig.  2D), suggesting that the neural 
dynamics related to perceived beauty evolve in a similar way even when the beauty of the images is not task-
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relevant. Further, we did not find any differences in the peak correlations (t(48) = 0.76, p = 0.45, d = 0.21; Fig. 2E) 
or in the slope of time course after the peak (t(48) = 0.55, p = 0.58, d = 0.01; Fig. 2F).

Discussion
Here, we tested how dynamic neural representations of scene beauty change as a function of the stimulus 
presentation time (Experiment 1) and the observer’s task (Experiment 2). Comparing our results to a previous 
EEG study with the same scene stimuli presented with longer durations and explicitly judged for beauty, we 
delineated how time-varying neural representations of beauty change with presentation time and task. Strikingly, 
we found no substantial differences for both factors: Changing the presentation time from 1450 ms to 100 ms, as 
well as changing the task from beauty judgments to time-of-day judgments, did not significantly alter the neural 
dynamics related to perceived beauty.

Across both experiments, we replicated the early onset of beauty-related activations within the first 200 ms 
of processing (Kaiser, 2022; also see Kaiser and Nyga, 2020). This early onset suggests a perceptual neural basis 
for evaluating beauty, in line with fMRI studies that identified neural correlates of scene beauty in the visual 
cortex3,4,9,25. Here, we show that these perceptual representations are relatively robust to changes in presentation 
times, consistent with studies that report substantial correlations in ratings across stimulus durations9,10. Our 
findings further suggest that early representations of scene beauty are not modulated by task-specific factors. 
They rather support the view that beauty-related visual representations emerge automatically, thereby providing 
a potential correlate of the spontaneous perception of beauty in real-life situations.

Perhaps more surprisingly, beauty-related representations after this initial, perceptual processing stage also 
seemed highly robust with respect to changes in presentation time and task. Brief presentation and an orthogonal 
task neither yielded less pronounced representations of beauty during later time points, nor did they alter the 
decay of these representations over time. The finding that the task yielded no significant alterations in beauty-
related responses is somewhat difficult to reconcile with previous findings of task-specific effects in the EEG26, 
with neuroimaging work highlighting higher-order cognitive systems3,25,27, as well as with theories that stress 
cognitive evaluation in beauty perception28. Our data at best suggest a very limited influence of task context on 
the neural correlates of scene beauty.

It is fair to note, however, that our stimulus set and experimental setting may have somewhat limited the 
potential impact of presentation time and task from the outset: First, to ensure diverse beauty ratings, we 

Fig. 2.  Changes in beauty-related neural representations when changing presentation time and task. (A) 
Differences time course between RSA correlations obtained in the7 benchmark study and Experiment 1. 
No significant differences were observed. (B) RSA correlations at the first peak in the timecourse in7 and 
Experiment 1. No significant difference was observed. (C) Slope of a linear model fitted to the time courses 
after the first peak, separately for the RSA correlations in7 and in Experiment 1. Again, no significant 
difference was observed. (D–F) show the same comparisons to7 for Experiment 2, again yielding no significant 
differences. Together, these data suggest that the neural dynamics related to perceived beauty are relatively 
unaffected by viewing time (Experiment 1) and task (Experiment 2).
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deliberately constructed our stimulus set from scenes with relatively low and relatively high aesthetical appeal: 
Differences in scene beauty in our experiments may thus have been easy to appreciate, even with limited exposure 
and without an explicit task. Second, natural scenes (in which we often spontaneously perceive beauty) may be 
appreciated in a more sensory-driven way than other stimulus classes like artworks (for which we appreciate 
beauty much more deliberately). Future studies replicating our experiments with artworks of different degrees 
of abstractness may find that more abstract stimuli indeed require prolonged presentation or explicit beauty 
judgment tasks for the neural correlates of beauty to emerge with the same sustained dynamics. Finally, our 
time-of-day task (though unrelated to beauty) perhaps was easy enough to allow participants to internally 
evaluate the beauty of the scenes in a deliberate manner. Perhaps more demanding tasks – in combination with 
brief presentation regimes – are needed to observe pronounced differences at the neural level.

When reconciling our results with previous fMRI studies, the absence of task-specific effects may also 
relate to a relative insensitivity of EEG signals with respect to the finer-grained representations emerging at 
higher levels of cortical hierarchies. Notable divergences between M/EEG and fMRI results have been reported 
when investigating conceptual representations in the visual hierarchy29,30. Future studies combining EEG and 
fMRI data within the same analysis framework might clarify the spatial origin of the EEG signals and thereby 
determine to which extent our findings are related to limitations in the EEG recordings.

Taken together, our findings indicate that dynamic neural representations of scene beauty are relatively 
unaffected by presentation time and task. This suggests that perceptual stimulus attributes play a major role 
in beauty perception for natural scenes. This dominance of perceptual attributes may relate to our tendency to 
spontaneously appreciate beauty in natural environments.

Data availability
Data and code are publicly accessible on the Open Science Framework (OSF) via this link: https://osf.io/fj6sq.
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