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Abstract

Understanding human perception of visual complexity is cru-
cial in visual cognition. Recently (Shen, et al. 2024) proposed
an interpretable segmentation-based model that accurately pre-
dicted complexity across various datasets, supporting the idea
that complexity can be explained simply. In this work, we in-
vestigate the failure of their model to capture structural, color
and surprisal contributions to complexity. To this end, we pro-
pose Multi-Scale Sobel Gradient which measures spatial in-
tensity variations, Multi-Scale Unique Color which quantifies
colorfulness across multiple scales, and surprise scores gener-
ated using a Large Language Model. We test our features on
existing benchmarks and a novel dataset containing surprising
images from Visual Genome. Our experiments demonstrate
that modeling complexity accurately is not as simple as pre-
viously thought, requiring additional perceptual and semantic
factors to address dataset biases. Thus our results offer deeper
insights into how humans assess visual complexity.

Keywords: visual complexity; natural images; image segmen-
tation; image gradients; colorfulness; large language models;
surprise

Introduction

Visual complexity is a fundamental attribute of images that
reflects the level of detail, intricacy, and variation in visual
elements within a scene (Snodgrass & Vanderwart, 1980a).
This perceptual characteristic encompasses multiple dimen-
sions, including the number of lines, density of elements
(McDougall, Curry, & de Bruijn, 1999), quantity of objects
(Olivia, Mack, Shrestha, & Peeper, 2004), clutter (Kyle-
Davidson, Zhou, Walther, Bors, & Evans, 2023), symme-
try (Kyle-Davidson, Solis, Robinson, Tan, & Evans, 2025),
and variety of colors (Corchs, Ciocca, Bricolo, & Gasparini,
2016). Understanding visual complexity is crucial across do-
mains, from user interface design (Miniukovich, Sulpizio, &
De Angeli, 2018; Ak¢a & Omer Ozgiir Tanriover, 2021) to
cognitive psychology (Forsythe, 2009; Madan, Bayer, Gamer,
Lonsdorf, & Sommer, 2018). While deep learning models
predict complexity well, their black-box nature (Li et al.,
2022) limits interpretability, which is essential for applica-
tions like education (Stoesz, Niknam, & Sutton, 2020; Ghai &
Tandon, 2022) and information visualization (Y. Zhu, Suo, &
Owen, 2007b, 2007a). Developing interpretable, perception-
aligned features remains a key research goal.

A recent study by (Shen, Nath, Brielmann, & Dayan, 2024)
bridged the gap between handcrafted features and deep learn-
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ing approaches by proposing a simple two-feature model
based on outputs from deep segmentation models (the num-
bers of segments and semantic classes in the image). Their
simple, yet interpretable, model achieved superior perfor-
mance compared to baseline on many naturalistic and art
datasets, supporting the idea that the numbers of segments
and classes are generic features that explain complexity well.
Howeyver, their model fails to take into account the structure
and arrangement of components in the image.

Here, we build upon the model from (Shen et al., 2024),
by studying two of its major failure modes. First, we find
that datasets with high structural and color regularity re-
quire two low-level features to explain complexity: Multi-
Scale Sobel Gradient (MSG) and Multi-Scale Unique Color
(MUC). MSG captures continuous spatial intensity variations
across multiple scales, offering a richer representation of im-
age structure. MUC quantifies color diversity also at multiple
scales, and at different color resolutions. The latter feature
builds on the concept of “colorfulness” from (Teresa, Ciocca,
& Gagliardi, 2014), and provides a more robust and perfor-
mant measure of chromatic complexity.

We discovered a second failure mode of (Shen et al.,
2024) which concerns the rather underexplored contribution
of whole-image, holistic or emergent information to visual
complexity. Previous research by (Forsythe, Mulhern, &
Sawey, 2008) demonstrated that participants in a visual com-
plexity experiment exhibited a familiarity bias, perceiving
familiar shapes as less complex compared to unfamiliar or
novel ones. Similarly, (Snodgrass & Vanderwart, 1980b)
found a negative correlation between visual complexity and
familiarity in their experiment. (Forsythe, 2009) suggests
that complexity judgments are context-dependent and that
familiarity should be considered when developing a model
of visual complexity. Motivated by their findings, we show
that holistic, whole-image surprise judgments of scenes con-
tribute significantly to the visual complexity of naturalistic
images. We define surprising images as those containing un-
usual, or contextually novel elements, i.e., the opposite of fa-
miliarity. (Meyer, Reisenzein, & Schiitzwohl, 1997; Ortony
& Partridge, 1987). To this end, we introduce a novel dataset,
SVG, containing both surprising and randomly sampled im-
ages from the well-studied Visual Genome dataset (Krishna et
al., 2016) and show that surprise scores generated by a large
language model (LLM) explains significant variance in the
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perceived complexity of images in this dataset.

Methods
Modeling and Evaluation

In this work, we evaluate the effectiveness of sets of features
to explain visual complexity on datasets using linear regres-
sion models. We follow the procedure in (Shen et al., 2024),
and fit M repetitions of 3-fold cross-validated linear regres-
sion. M is determined by the size of the dataset to address
statistical variability in smaller datasets. We measure per-
formance using the mean Spearman correlation coefficient
across all test splits. We compare the performance of our
models to the same baselines in (Shen et al., 2024): hand-
crafted features (Corchs et al., 2016; Kyle-Davidson et al.,
2023) and deep learning approaches (Saraee, Jalal, & Betke,
2020; Feng et al., 2023) for comparison. The code for our
analysis, experimental setup, and dataset will be made pub-
licly available upon acceptance.

Datasets

We evaluate our method on four publicly available datasets
with human-rated complexity scores: RSIVL (49 images)
(Corchs et al., 2016), VISC (800 images) (Kyle-Davidson et
al., 2023), Savoias (1400 images across 7 categories) (Saraee
et al., 2020), and IC9600 (9600 images across 8 categories)
(Feng et al., 2022). We select image subsets to demonstrate
the effectiveness of our new features to explain complexity -
VISC and IC9600 architecture subset for MSG, Savoias Art
and Suprematism subsets for MUC, and Savoias Interior De-
sign and IC9600 Abstract for the combination of MSG and
MUC. Finally, we use our novel dataset SVG to show that
surprisal contributes significantly to complexity.

SVG: A Dataset of Surprising Images

To the best of our knowledge, there is currently no existing
image set with surprising images that can be used to study vi-
sual complexity. To fill this gap, we introduce a new dataset
containing 100 highly surprising images and 100 (on average,
less surprising) images, the latter of which were sampled uni-
formly at random from the Visual Genome, subject to strat-
ification according to bins of complexity based on IC9600
scores (Feng et al., 2023). To confirm that our subjectively
selected images are more surprising than randomly sampled
ones, we compare the distributions of LLM-generated sur-
prise scores between the two subsets. A histogram of these
scores shows clear separation: sampled images cluster at
lower values, while handpicked images have higher surprise
scores (mean: 39.45 for ordinary, 72.35 for surprising). A
Kolmogorov-Smirnov test confirms a significant difference
(D =0.67,p < 0.001), supporting our hypothesis.

We collect visual complexity ratings from humans using an
online experiment on Prolific (Palan & Schitter, 2018). Par-
ticipants are shown pairs of images and asked to select the
one that is more visually complex, similarly to the procedure
in (Saraee, Jalal, & Betke, 2018). We followed the sampling

strategy in (Saraee et al., 2018), and collect 6000 = 200 x 30
comparisons by sampling images with probabilities inversely
proportional to the total number of times they have already
been selected. We ensure that each pairwise comparison is as-
sessed by three different participants. Hence there are in total
18,000 evaluations. Each participant evaluates 200 pairwise
comparisons in one session. We convert pairwise compar-
isons into scalar complexity ratings using the Bradley-Terry
algorithm (Bradley & Terry, 1952).

Multi-Scale Sobel Gradient

We propose the Multi-Scale Sobel Gradient (MSG) algorithm
(Algorithm 1) to capture structure in images. MSG analyzes
spatial intensity variations across multiple resolutions in an
RGB image. Note that the Sobel operator is typically applied
to grayscale images (Kanopoulos, Vasanthavada, & Baker,
1988), but we found in ablations that the grayscale version
of the algorithm (which first converts the colored images to
grayscale) did not perform as well. Hence we use the color
version of the algorithm for the rest of this work.

Algorithm 1 Multi-Scale Sobel Gradient

Require: Input image img € RF*W>3 in RGB format
Ensure: Scalar MSG score
1: Normalize image: img < img/255.0
2: Define scales S = {1,2,4,8}
and weights W = {0.4,0.3,0.2,0.1}
3: Initialize MSG <0

4: for each scale s € S and weight w € W do
5:  Resize image to % X w
scaled + Resize(img, ( - ))
6:  for each channel ¢ € {R,G,B} do
7 Gx = Sobel(scaled|:,:,c|,dx=1,dy =0)
8: Gy = Sobel(scaled(:,:,c],dx =0,dy = 1)
9: mag = /G + G}
10: grad, < Mean(mag)
11:  end for

12:  s_grad < Mean(gradg, gradg,gradgp)
13:  MSG <+ MSG+w-s_grad

14: end for

15: return MSG

Multi-Scale Unique Color

We introduce MUC which intuitively counts the number of
unique colors present in an image. We start from the “color-
fulness” feature introduced by (Teresa et al., 2014) (which
was first applied to image indexing and content querying)
and derive MUC by making colorfulness multi-scale. Note,
(Teresa et al., 2014) and subsequent works did not provide
pseudocode for the colorfulness algorithm - we are the first
to do so. MUC has two hyperparameters which control the
coarse-graining of spatial resolution and color resolution (bit
precision). In the rest of this paper we report results using the
best bit precision for each dataset in terms of correlation to
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complexity (this was typically 7-8 bits). We use a fixed set of
spatial scale weights for both MSG and MUC on all datasets.

Algorithm 2 Multi-Scale Unique Color

Require: Image / (RGB), Number of bits to preserve per
channel b
Ensure: Multi-Scale unique color score
1: Define scales S = {1,2,4,8}
and weights W = {0.4,0.3,0.2,0.1}
2: Initialize MUC <0
3: for each scale s € S and weight w € W do
4:  Resize image to %d‘h X @:
Iy < resize(gp, (Wdth heizhty)
5. Calculate bit shift: shift < 8 —b
6:  Quantize image by bit shifting:
I, < (I, > shift) < shift
7:  Flatten image: Iy, < reshape(/;,—1,3)
8:  Create color index:
idx < Ifir[5,0] - 20 + T [, 1] - 28 + Ty [, 2]
9:  Count unique colors: nypique — [unique(idx)|
10:  Add weighted contribution:
MUC <~ MUC + (W - Nunique)
11: end for
12: return MUC

Generating Surprise Scores using LLMs

In order to have an automated pipeline for predicting com-
plexity, we prompt an LLM using zero-shot Chain-of-
Thought (Wei et al., 2023) to get surprise scores for each
image in our SVG dataset. Our prompt is shown in Algo-
rithm 3. We selected GEMINI-1.5-FLASH for its ability to
provide rapid responses without compromising quality. The
model generated surprise scores with step-by-step reasoning,
producing structured output in the desired format. We also
collect human surprise ratings on the SVG image set to val-
idate our LLM-generated scores using a similar Prolific ex-
periment to that described above.

Algorithm 3 Zero-shot-CoT

Q: Step by step, explain why this image is surprising or not.
Consider factors like rare events, or unexpected content. Be
precise in your reasoning. Then, on a precise scale from O to
100, rate the surprisal of this image.

Provide your reasoning and numeric rating as follows:
Reasoning: [your explanation]

Rating: <number>

Results
Surprise to the Rescue: Capturing the Complexity
Beyond Structural Features

The features we introduced: MSG, MUC, and Surprise, ex-
plain additional variance in perceived complexity beyond that
captured by segmentation and class counts alone. We present

these results in Table 1, showing that our models not only sur-
pass all handcrafted features but also achieves performance
comparable to the best supervised model. In the following
subsections, we present each feature in turn and describe the
datasets on which they improve complexity prediction. We
then describe our penultimate model, which combines our
three novel features to achieve state-of-the-art or near state-
of-the-art performance on all datasets.

Explaining the Failure Modes with a Data-Centric
Approach: Colors and Structure

On the VISC dataset, the MSG feature improves the mean
Spearman’s rank correlation coefficient from 0.56 to 0.68,
surpassing all previous handcrafted features. Similarly, it
achieves a notable increase of 0.10 in mean Spearman’s
rank correlation coefficient on the IC9. Architecture dataset.
These two datasets comprise of mostly real-world natural im-
ages of buildings, and indoor and outdoor scenes which are
highly textured or regular - for example a grass field, the win-
dows on a highrise, or rows of seats in an airport. A Sobel
operator applied to a spatially coarse-grained image can be
interpreted as an (a) symmetry detector. Hence MSG detects
(a)symmetry and quantifies the regularity of local patches
(e.g. windows on a highrise) at multiple spatial scales, mak-
ing it a well-suited feature for predicting complexity on VISC
and IC9. Architecture.

Table 1 shows that MUC improves model performance on
Sav. Art dataset, increasing Spearman’s correlation from 0.73
to 0.81, and in Sav. Suprematism, where it improves perfor-
mance from 0.89 to 0.94. These datasets are comprised of 2D
art. The efficacy of MUC in these domains likely stems from
its ability to quantify color-based complexity, which may be
more crucial for people’s aesthetic judgments than judgments
of naturalistic images.

Two datasets, Sav. Interior Design and IC9. Abstract ex-
perience very large performance gains (from 0.61 to 0.87 and
from 0.66 to 0.83 respectively) when both MSG and MUC
features are included in the model. Interior Design is a dataset
of synthetic renderings of rooms for IKEA advertisements.
The dataset likely benefits from MSG for the same reason
as VISC - the images contain regular, highly symmetric ele-
ments like books in a bookshelf or panels of a kitchen cabinet.
Furthermore, unlike naturalistic images Sav. Interior Design
images were designed with color themes in mind for aesthetic
reasons, similar to art images which is likely why the Sav. In-
terior Design dataset benefits from MUC like the Sav. Art
dataset. IC9. Abstract on the other hand, consists of real-life
photographs. However, the images are taken in an artistic way
with aesthetic value in mind, likely increasing the importance
of colorfulness in predicting complexity.

Figure 1 presents two examples from the Sav. Interior De-
sign dataset where the baseline model (Shen et al., 2024) as-
signs the same complexity due to similar SAM segmentations
and FC-CLIP classes, despite differing ground truth complex-
ities. However, the two images differ greatly in their MSG
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Table 1: Model performance on 7 datasets and comparison with previous models. The models from previous work are classified
as being based on either handcrafted features or Convolutional Neural Networks (CNNs). * for supervised methods indicate

their own test set. Bold indicates the best model.

Model/Dataset VISC ICY. Arch. Sav. Art Sav. Suprematism Sav. Int. IC9. Abstract SVG
Handcrafted features

Corchs 1 (10 features) 0.62 0.66 0.68 0.80 0.85 0.74 0.73

Kyle-Davidson 1 (2 features) 0.60 0.54 0.55 0.79 0.74 0.69 0.70
CNNs

Saraee (transfer) 0.58 0.59 0.55 0.72 0.75 0.67 0.72

Feng (supervised) 0.72 0.92* 0.81 0.84 0.89 0.94* 0.83
Previous simple model

/numZseg +/num_class 0.56 0.66 0.73 0.89 0.61 0.66 0.78
Visual features

MSG+MUC 0.60 0.65 0.64 0.91 0.84 0.76 0.72
Baseline + visual features

V/num_seg +/num_class +MSG 0.68 1 0.13 0.76 1 0.10 0.75 0.90 0.79 0.79 0.78

Jnum_seg +/num_class + MUC 0.62 0.71 0.81 1 0.08 0.9410.05 0.80 0.76 0.79

/num_seg +v/num_class +MSG +MUC 0.68 0.77 0.81 0.94 0.87 10.26 0.8310.17 0.79
Baseline + semantic feature

\/numzseg + v/ num_class + Surprise 0.60 0.67 0.74 0.89 0.60 0.67 0.8310.05
Baseline + all features

/num_seg +v/num_class + MSG + MUC + Surprise 0.71 0.78 0.81 0.94 0.87 0.84 0.85

values (20 vs. 92 on a normalized scale of 100), possibly be-
cause the lower image has patterns on the bookshelves and
blanket which contribute substantially to MSG. The lower
(higher) MSG values in the top (bottom) image decrease (in-
crease) the complexity predictions in model, making the pre-
dictions much closer to the ground truth complexity ratings.

Table 1 shows that including surprise scores generated
using GEMINI-1.5-FLASH improves Spearman’s correlation
on the SVG dataset from 0.78 to 0.83 over (Shen et al.,
2024)’s baseline model. Our model containing surprise
scores matches the performance of (Feng et al., 2023)’s su-
pervised network.

40

Residuals (Complexity — Predictions)

20 40 60 80
Surprise Scores (GEMINI-1.5-FLASH)

Figure 3: Correlation between residuals (actual complexity -
baseline predictions) and surprise scores (SVG).

Furthermore, Figure 3 shows that the surprise scores have
a correlation of 0.48 (p < 0.001) with complexity after re-
gressing out SAM number of segments and FC-CLIP number
of objects, showing that surprise captures variance in com-
plexity not explained by the number of segments or objects.
These quantitative results are corroborated by participants’
anecdotes on how they rated complexity on the SVG dataset.

Many reported that “unusual”, “surprising”, or “weird”, ob-
jects or events in the image, as well as judgments that the
images are “confusing” or “unreal” caused them to rate the
visual complexity higher. Figure ?? presents a selection of
responses from participants in our experiment, in which they
describe the specific strategies they employed to assess visual
complexity. Their responses provide a deeper understanding
of the cognitive processes involved in evaluating image com-
plexity and highlight how the element of surprise works as a
latent dimension for visual complexity evaluation.

Figure 2 shows two examples from the SVG dataset where
the model from (Shen et al., 2024) underpredicts visual com-
plexity. Both images have high (85) surprise scores. Hence
our model including surprise scores correctly increases its
complexity predictions, making the predictions much closer
to the ground truth complexity. Furthermore, one advan-
tage of using LLMs in our automated pipeline for complex-
ity prediction is LLMs offer (often) interpretable, explicit
reasoning in natural language (Singh, Inala, Galley, Caru-
ana, & Gao, 2024). Two examples of explanations generated
from GEMINI-1.5-FLASH using CoT prompting (Z. Zhu et
al., 2024; Wei Jie, Satapathy, Goh, & Cambria, 2024), can be
seen in Figure 2. In the top image, GEMINI-1.5-FLASH suc-
cessfully identifies the intuitively surprising fact that sheep
are racing, an unusual activity for sheep. In the bottom image,
GEMINI-1.5-FLASH identifies that it’s unusual for the man to
be doing an uncontrolled backflip, arguably consistent with
human intuition for why the image is surprising.

To explore quantitatively how well our GEMINI-1.5-
FLASH surprise scores aligned with human judgments of sur-
prise, we computed Spearman’s correlation between GEMINI-
1.5-FLASH scores and the human surprise scores we col-
lected. We find a high correlation of 0.75. This supports the
fact GEMINI-1.5-FLASH explanations are good proxies for
human judgments of image surprisal which contribute to hu-
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(b) MSG: 20

(c) B: 50, P: 67, G: 68 (d) MSG: 92

Figure 1: Left column: original images from Sav. Int.. Right
column: gradient visualizations. B: baseline prediction using
number of segmentations and classes. G = ground truth com-
plexity. P = predicted complexity using baseline and MSG. All
values are scaled between 0 and 100. The first image has 177
segmentations and 35 classes, while the second has 185 seg-
mentations and 38 classes. Due to these similarities, the base-
line model predicts nearly identical complexity scores for both.
However, MSG acts as a latent dimension, refining predictions
to better align with ground truth.

man perceptions of visual complexity. In summary, GEMINI-
1.5-FLASH surprise scores improve the predictive power of
our complexity model on the SVG dataset and the natural lan-
guage explanations generated alongside these scores facilitate
a clearer understanding of why the image is complex.

The last row of Table 1 shows the performance of our
penultimate model including MSG, MUC, surprise as well
as the two features from (Shen et al., 2024). Interestingly,
we find combining MSG and MUC with surprise only im-
proves performance on all datasets over using either of these
features alone. Furthermore, our penultimate model is signif-
icantly more performant than every baseline except (Feng et
al., 2023)’s supervised network which is competitive. Taken
together, in contrast to what (Shen et al., 2024) previously
suggested, the complexity of naturalistic images cannot be
explained simply using two generic segment and object fea-
tures. Some datasets require additional features to explain
visual complexity fully.

In Figure 4, we present another pair of images where, this
time, the addition of surprise scores causes their predicted
complexity values to diverge in opposite directions.

Discussion

This work introduces three features to solve the inadequacy
of the generic constructs proposed by (Shen et al., 2024)
to explain complexity in certain datasets: multi-scale gradi-
ent analysis, multi-scale unique color, and a surprise score.

Surprise score: 85

Reasoning: The image depicts
sheep dressed in jockey silks and
participating in a race. This is sur-
prising because it is not a typical
activity for sheep. The juxtaposi-
tion of animals in a human sport
is unexpected and humorous.

Surprise score: 85

Reasoning: The image depicts a
skateboarder performing an unex-
pected maneuver on a beach, re-
sulting in an unusual pose mid-
air. The rarity stems from the
seemingly uncontrolled backflip
and the unusual beach setting for
such a stunt.

Figure 2: Racing sheep with toy riders or a flying skater from
the SVG dataset illustrate the improvement in complexity
predictions when incorporating surprise. The baseline model
underestimates the visual complexity, with scores of B: 54
and B: 46, while ground truth values are G: 60 and G: 55.
Incorporating surprise scores (85) reduces this gap, yield-
ing adjusted predictions of P: 61 and P: 55, demonstrating
the role of surprise in aligning predictions more closely with
human perception. Explanations provided by GEMINI-1.5-
FLASH enhance the interpretability of the assigned surprise
scores.

We experimentally show that complexity can be multifaceted
- requiring both generic features (segmentation and object
counts) and dataset specific features to predict accurately.
Our results demonstrate that pixel-level structural and chro-
matic features, MSG and MUC effectively capture key as-
pects of visual complexity, with MSG quantifying continuous
spatial intensity variations across scales and MUC capturing
color diversity, both complementing object-level information
from deep segmentation models. Additionally, we introduce
surprise, an image-level “cognitive” feature, as a previously
underexplored dimension of visual complexity, representing
the degree to which the image as a whole deviates from ex-
pected objects or events. We introduce a new dataset SVG
containing images with unexpected or novel elements to show
that surprise contributes significantly to perceived complex-
ity. We constructed our SVG dataset by manually selecting
surprising images and hence acknowledge the limitations in
scalability and the potential subjectivity of this approach. We
hope our preliminary yet confirmatory results will inspire fu-
ture research to develop larger datasets using objectively de-
fined measure to further validate the link between surprise
and complexity.

MSG versus Patch Symmetry and Edge Density Patch
symmetry (Kyle-Davidson et al., 2023; Olivia et al., 2004;
Rosenholtz, Li, & Nakano, 2007) and edge density (Guo,
Qian, Li, & Asano, 2018; Ciocca, Corchs, & Gasparini,
2015) are two commonly used low-level features for cap-
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num_seg = 172
num_class =9
MSG =56
MUC =820
Surprise = 85

num_seg = 191
num_lass =9
(a) MSG =59 (b)
MUC =922
Surprise =25

Surprise as the hidden dimension

We present a case where both images share similar
visual features, including segmentations, classes, MSG,
and MUC. The right image, with lower feature values,
was initially predicted to have lower complexity. The
left image received a complexity score of 60, while the
right received 55. However, the element of surprise
shifts the outcome, with improved predictions at 52
(72) compared to ground truth values of 25 (74).
Despite their similarity, humans may perceive the
second image as more complex due to its unusual
composition, where multiple traffic signs are clustered
together.

Figure 4: Comparison of two images having similar values of visual features but with differing
complexity evaluations.

VISC

I1C9. Architecture

_ 4

Sav. Art

B:52,P:62,G: 63

B:52,P: 44, G: 44

B: 52, P: 66, G: 68

Sav. Suprematism

B:52,P:43,G: 41

I1C9. Abstract

Sav. Int. Design
S

B: 52, P: 38, G: 38

Figure 5: Representative samples from previous datasets show initial complexity predictions (B = 52), derived from ,/num_seg

and v/ num_class, refined using MSG (VISC, IC9 Architecture), MUC (Sav. Art, Sav. Suprematism), and MSG + MUC (Sav.
Int. Design, IC9 Abstract). The enhanced predictions (P) align closer to ground truth scores (G).

turing structural information in an image. We run ablation
studies to investigate whether MSG is more performant than
these two features. We evaluate on all 16 datasets: VISC,
RSIVL, SAVOIAS (5 categories - excluding Advertisement
and Visualizations due to heavy presence of text), I[C9600 (8
categories), and SVG using permutation tests. We compare
MSG against patch symmetry because (Shen et al., 2024) re-
ported that it captures structural information well on the VISC
dataset. We compare MSG against Canny edge density be-
cause Canny is a standard metric for predicting visual com-
plexity. It has been applied in (Guo et al., 2018; Corchs et al.,
2016; Rosenholtz et al., 2007).

MSG performs significantly better than Canny edge den-
sity in five datasets. For example, on IC9. Abstract, MSG
achieves significantly higher correlation with the complexity
compared to edge density (0.517 vs 0.705). Edge density only
outperformed MSG on two datasets. Compared to patch sym-
metry, MSG performs better on 7 datasets. Patch symmetry
outperforms MSG on only one dataset. Our ablations show
that MSG is currently the most performant structural feature
for predicting complexity, outperforming both edge density
and patch symmetry across diverse image datasets.

Single versus Multi-Scale We perform ablation studies
to investigate the necessity of multi-scale computations for
MSG and MUC. We measure the correlation between com-

plexity and our visual features using both single and multiple
scales. We find that multi-scale MSG outperforms single-
scale MSG on 6 datasets, while single-scale MSG outper-
forms multi-scale MSG on just two datasets out of the 16
datasets tested. The advantage of the multi-scale approach
was particularly pronounced in Sav. Suprematism, where cor-
relation increased substantially from 0.474 to 0.616. Simi-
larly, multi-scale MUC outperformed single-scale MUC on
5 datasets, while single-scale MUC outperformed multi-scale
MUC on only one dataset. The multi-scale versions of MSG
and MUC maximize the correlation with the perceived visual
complexity.

Future work While our work uses whole-image, holistic
surprise scores, GEMINI-1.5-FLASH identifies specific object
relationships and object-contexts that make each image more
or less surprising. Therefore, it would be interesting for fu-
ture works to derive surprise scores (or even other semantic
features) from object-centric representations such as scene
graphs. Our dataset, SVG enables this type of investiga-
tion by including human-rated complexity scores, and inher-
iting region descriptions, and scene graphs from the Visual
Genome dataset. These rich annotations open a promising
path for developing and validating features that reflect seman-
tic rather than purely visual contributions to complexity.
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