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1. Overview

In this supplementary material, more discussion, visu-
alization and experimental results are provided, which are
organized as follows:

e Sec. 2 provides more details about the data collec-
tion (Sec. 2.1) and analysis (Sec. 2.2) of the proposed
BAID dataset and the results of the MOS (Mean Opin-
ion Score) test mentioned in the main paper (Sec. 2.3).

¢ Sec. 3 conducts an ablation study on each of our newly
added operations.

* Sec. 4 provides an evaluation of the style-specific aes-
thetic branch in the proposed SAAN (Sec. 4.1), evalu-
ates the performance of SAAN on the AVA dataset [9]
(Sec. 4.2), and gives more prediction results on the test
set of BAID (Sec. 4.3).

2. More analysis of the proposed BAID
2.1. User Interface of BoldBrush

In Section 3 of the main paper, we discuss the con-
struction of our proposed BoldBrush Artistic Image Dataset
(BAID). Fig. | shows the detail page of an entry on
the BoldBrush (https://faso.com/boldbrush/
popular) website:

The available information of an entry on BoldBrush in-
cludes: the title; the artist; the painting medium; the en-
try number and month of entry; the number of votes; the
category of the entry. In this work, we utilize the number
of votes and the month of entry to generate score annota-
tions and form a large-scale artistic image aesthetic assess-
ment dataset, BAID. Meanwhile, we collect and save all the
above information. We believe the BAID dataset can ef-
fectively serve as a foundation for constructing artistic im-
age datasets for other purposes, e.g., developing automatic
artist [2, 3] and style [ 1, 10] classification methods.
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Figure 1. Interface of the BoldBrush website

Table 1. The most frequently used painting media in BAID and
the average score of artworks created in these media.

Painting Medium Number of Images Average Score 1

Oil 38,586 4.27
Acrylic 6,733 4.30
‘Watercolor 5,328 4.24
Pastel 5,156 4.22
Pencil 1,063 4.34

Table 2. Correlation between scores and hand-crafted features.

Features SRCC 1t
Colorfulness 0.011
Contrast 0.049
Sharpness 0.029
Complexity 0.014
2.2. Further analysis

The generation of the score annotations in BAID is based
on votes, which makes it hard to filter out unreasonable
labels. To eliminate the concern about bias, we calcu-



late the most frequently used painting media and the aver-
age scores of the artworks created using the specific me-
dia. The results are shown in Tab. 1. Furthermore, fol-
lowing the benchmarks applied in [8], we calculate several
hand-crafted features and measure their correlation (i.e., the
Spearman Rank-order Correlation Coefficient, SRCC) with
the scores of the artworks in the BAID dataset. We ran-
domly select 6,400 images from BAID and the results are
shown in Tab. 2. The results indicate that the proposed
BAID suffers little from art preference bias and is of high
credibility.

There is a potential concern regarding the data imbal-
ance mentioned in Section 3.3 of the main paper. The score
distribution of BAID is imbalanced but it reflects the real-
istic distribution. We did consider reducing the imbalance.
However, the most effective way would be to abandon most
of the images with low votes, which would result in a sig-
nificant drop in the size of BAID. Besides, the imbalance is
related to the nature of the original data, and we believe that
a well-developed IAA method should be able to deal with
such an imbalance.

2.3. Results of the MOS test

As mentioned in Section 3.3 of the main paper, we sam-
pled 100 artworks uniformly across the range of scores from
the proposed BAID. We asked 10 college students major-
ing in art and design to score for these samples and cal-
culated the mean opinion score (MOS) for each sample.
We compared several designed functions we have experi-
mented with during the construction of BAID. In the follow-
ing equations, v; denotes the number of votes of the image,
U, denotes the average number of votes of the month m;,
U, denotes the maximum number of votes of the month
m;, and s; denotes the generated score.
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Table 3. Comparison of different score-generating functions

Method SRCC1 RMSE |

A 0.221 0.980
B 0.576 0.502
C 0.594 0.492
Ours 0.734 0.305

Note that, images with ¥,,,, votes are supposed to be
given the score of 5, which leaves us few options when de-
signing the score-generating function. We calculated the
spearman rank-order correlation coefficient (SRCC) and
root mean squared error (RMSE) between the scores gen-
erated by the above functions and the MOS results. The
results are shown in Tab. 3, which indicates that our chosen
method better reflects human aesthetics.

The designed method seems similar to and may be con-
fused with psychometric scaling of human votes [7]. How-
ever, the votes in BAID are different from the ones com-
monly used in psychometric scaling tasks since a vote itself
is not a personal opinion score or a binary variable.

3. More ablation study results

In Sections 4 and 5 of the main paper, we demonstrate
the effectiveness of our proposed operation list compared to
the one in [12]. Here we provide more results of the ablation
study on each of the newly added operations:

Table 4. Ablation study results on the newly added operations.

Method SRCC1T PCC1T Accuracy 1
w/o cropping 0.471 0.463 76.59%
w/o stylization 0.471 0.462 76.58%
w/o convex 0.471 0.464 76.60%
w/o pencilsketch 0.472 0.465 76.63%
w/o cutmix [16] 0.470 0.462 76.65%
w/o new editing operations 0.460 0.445 76.14%
Ours 0.473 0.467 76.80%

We select one of the newly added operations at a time
and discard it during the pretraining stage. The impact on
the final assessment performance is shown in Tab. 4. Re-
sults demonstrate that all newly added operations improve
the performance, where operations related to global aes-
thetic features (e.g. Cutmix [16], Cropping) are relatively
more influential in learning aesthetic-aware features, while
the PencilSketch operation is less powerful since it may
generate low-level artifacts (i.e., unnecessary lines) and can
trick the network into learning trivial features. We also ex-
periment with all new editing operations removed, and it
leads to more significant performance drop.



4. More performance evaluation results

4.1. Evaluation of the Style-specific Aesthetic
Branch

In Section 4.1 of the main paper, we propose a style-
specific aesthetic branch, which adopts a VGG-19 [14]
backbone to extract the style feature of the input image, and
incorporate the style information into aesthetic features to
obtain style-specific aesthetic features.

To better illustrate the effect of incorporating style fea-
ture into the assessing process, given an artwork, we ran-
domly select several images with different styles from the
artworks in the test set of the BAID dataset, make them the
input of the style feature extractor (VGG-19 backbone) and
compare the predicted aesthetic scores. The experimental
setting is shown in Fig. 2. Since the goal of this branch is
to extract style-related aesthetic features, if we extract a dif-
ferent style’s feature, and incorporate the ‘wrong’ style into
the aesthetic features, then the calculated style-specific aes-
thetic feature is not dedicated to the current style, and the
predicted aesthetic score is expected to decrease.

Style Input Style Feature Extractor

Aesthetic Feature Extractor

I I Style-specific Aesthetic Feature

Style-specific Aesthetic Branch

Figure 2. Validation of the style-specific aesthetic branch. We
manually change the input to the style feature extractor (VGG-19)
to be different from the original input in style. Note that the goal
is still to predict the aesthetic score of the original input.

Fig. 3 shows the results of using different style inputs
when evaluating artistic images. When the style feature is
extracted from an artwork with a different style from the
original input, the predicted aesthetic score will decrease
and the prediction error will increase, which further vali-
dates our idea of utilizing style information in the ATIAA
task.

4.2. Performance on AVA dataset

We modified the output layer of SAAN and trained it
on AVA dataset [9] using EMD (Earth Mover’s Distance)
loss [15]. Tab. 5 shows the performance of the state-of-
the-art methods and SAAN on AVA dataset. The results
of the state-of-the-art (SOTA) IAA methods come from the
original papers and [4]. Our model gives competitive re-
sults compared with the SOTA methods. We believe SAAN

Table 5. Comparison with the SOTA IAA methods on AVA.

Methods SRCC1T LCCT Accuracy? EMD |
NIMA [15] 0.612 0.636 81.5% 0.050
MPodq [13] 0.727 0.731 83.0% -
MLSP [5] 0.756 0.757 81.7%

BIAA[17] 0.651 0.668 - -
PA_TAA [0] 0.677 - 83.7% 0.049
HLA-GCN [11] 0.665 0.687 84.6% 0.043
TANet [4] 0.758 0.765 - 0.047
Ours 0.742 0.748 80.6% 0.048

works better on BAID since the distortions we used in the
pretraining stage and the style-specific aesthetic branch are
designed for and better suited to artistic images.

4.3. Visualization of the prediction results

Fig. 4 shows the aesthetic score prediction results on
some randomly picked artistic images from the test set of
the proposed BAID dataset.
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