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Abstract

Title-overlaid images are useful as thumbnails on
social media, where users prefer concise information to
share and watch contents. Focusing on food contents,
we aim to support creation of attractive title-overlaid
food images to attract viewers’ attentions. This paper
first analyzes the effect of font styles of the title on the
attractiveness of title-overlaid images via preference ex-
periments, and creates a dataset. Next, we propose an
attractive font selection model for a food image and its
title. Its effectiveness is demonstrated through experi-
ments on the created dataset.

1 Introduction

The number of cooking recipes on the Web, espe-
cially on social media, is increasing. Social media users
searching for recipes would be attracted to those that
appear tasty and easy to prepare based on the im-
age and recipe information, which is typically conveyed
through the title. Thus, it is necessary to create thumb-
nail images that attract viewers’ attentions so that they
would be interested in accessing details of the recipes.

The font of a food title text is a key factor that deter-
mines the impressions of a food image, since it directly
represents the characteristic of the food. However, it is
not always easy for recipe contributors to select a suit-
able font that represents such characteristics. Mean-
while, suitable fonts are not limited to existing ones;
we can also generate suitable decorated texts [1, 2, 3].
Although there are some analysis on the relationship
between food images and font style [4, 5], they are not
performed in terms of attractiveness.

Accordingly, aiming to support the creation of food
images with attractive overlaid titles, we propose a
method to overlay the title text of food with an at-
tractive font on a food image; attractive title-overlaid
food image, as shown in Fig. 1. We first conducted
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Figure 1: Overview of generating an attractive title-
overlaid food image.

a preference experiment to investigate how the font
choice affects the attractiveness of title-overlaid food
images with various fonts, and built a dataset e(foilt)-4llwith
to predict attractive fonts. This is the first attempt to
build a model that selects an attractive font by consid-
ering the impression of the food image and its title.

2 Attractiveness Analysis

We performed an analysis to clarify the relationship
between the title font and the attractiveness of title-
overlaid images. Details are described in this Section.

2.1 Creation of title-overlaid food images

Before collecting food images, we first selected 5
food categories: rice bowl, omelet rice, pasta, salad,
and soup, considering the variation of foods in terms
of appearance and composition of ingredients. In addi-
tion, a representative type of food was selected for each
food category. Next, we collected, in total, 515 square
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Figure 2: Fonts from Google Fonts2 used in our experiment.

Noto Sans Japan Dela Gothic One Kaisei Decol

Figure 3: Examples of title-overlaid food images.

food images without overlaid titles by collecting 103
food photos for each food category on Instagram1.

The collection was made in a way that there was as
small bias as possible in the types of foods within each
category. Also, the colors and positions of the plates
and the shooting angles were also fixed as much as pos-
sible. We also checked if the structure and brightness
of the images were appropriate and their food charac-
teristics were clearly recognizable. We then selected
food images with Japanese titles that included basic
characters (hiragana, katakana, and kanji) and did not
include symbols or numbers.

For the fonts for the overlaid titles, we chose 7 fonts
shown in Fig. 2, considering the following attributes:

• Thickness: Degree of thickness of the strokes

• Roundness: Degree of roundness of curves and
edges of the strokes

• Serif / Non-serif: Presence of extra strokes at the
ends of strokes

Finally, we overlaid the food title on each food image
with each font, as shown in Fig. 3. To clearly capture
the relationship between the food images and fonts,
overlay conditions were fixed so that the position and
size of the food and the title should be uniform. As
a result, we obtained 3,605 title-overlaid images (103
images × 5 food categories × 7 fonts).

2.2 Assignment of attractiveness scores

To assign attractiveness scores to the title-overlaid
food images created in Sect. 2.1, we conducted a pref-
erence experiment. 30 panelists were asked to choose
4 out of 7 fonts based on their attractiveness for each
food image; 2 as more and 2 as less attractive. We
assigned J = 3 panelists for each image set of 7 fonts.

We used an ordinal scale score to represent the at-
tractiveness of each font to the food image based on

1https://www.instagram.com/ [Accessed: April 1, 2025]
2https://fonts.google.com/ [Accessed: April 1, 2025]
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Figure 4: Experimental results: Total attractiveness
scores for each font and food category.

this preference experiment. Specifically, attractiveness
score Sif of font f for food image i was calculated by
averaging score Sifj assigned to font f by panelist j
(1 ≤ j ≤ J) for each food image i, as:

Sif =
1

J

J∑
j=1

Sifj , (1)

where the attractiveness score Sifj is defined as:

Sifj =


+5 if (i, f) is judged as more attractive by j,

0 if (i, f) is judged as less attractive by j,

+1 otherwise.
(2)

2.3 Results and discussion

Results are shown in Figs. 4 and 5. Figure 4 shows
the total attractiveness scores for all the images for
each font and food category. Figure 5 shows some rep-
resentative examples chosen as attractive.

Kaisei Decol was preferred for pasta and omelet rice.
This could be because the elegant, graceful, and fash-
ionable impressions of the font matched the fashion-
able impression of Western foods such as pasta and
omelet rice. Hachi Maru Pop with a round impres-
sion, could have been preferred for omelet rice with a
round shape. In the category of rice bowls, many of
the foods gave the impression of being spicy, heavy,
and with stamina, and thus the stinging Reggae One
was most likely preferred. Furthermore, with respect to
attractive fonts for each type of food, Reggae One was
preferred for chige soup, which has a spicy impression.
For pasta, Noto Serif Japan was judged as attractive
for “Japanese style” foods, as was the case with miso
soup and Chinese soup. We noticed round-shaped in-
gredients, such as shrimp and scallops, were judged as
attractive for Hachi Maru Pop.

These results agree well with the design concepts of
fonts in terms of the food-font relationship.
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Figure 5: Experimental results: Examples of images
chosen as attractive for different fonts.
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Figure 6: Proposed font selection framework.

3 Proposed Model for Font Selection

We propose a multimodal model that calculates the
attrativeness score by considering both image features
of a food image and text features of a food title. An
overview of our model is shown in Fig. 6.

For the food image, a pre-trained CNN-based model
extracts image features as a Di-dimensional vector.
It is input to Fully Connected Layers (FCL) with
Rectified Linear Unit (ReLU) activation, and con-
verted to a Dc-dimensional vector. For the food ti-
tle, BERT [6] extracts a Dt-dimensional vector as
generic features output from an input [CLS] token.
The vector is then converted to a Dc-dimensional fea-
ture through FCL+ReLU. Finally, both features are
concatenated into a 2Dc-dimensional vector, which is
processed through FCL+ReLU, and converted into an
N -dimensional vector.

This process, utilizing FCL+ReLU at multiple
stages, effectively captures both the modality informa-
tion of the food image and the food title, enhancing
the model’s capability to select appropriate fonts.

4 Evaluation Experiments

In this Section, we evaluate our framework for font
selection described in Sect. 3.

4.1 Conditions

We built a font-attractiveness image dataset based
on the results of the preference experiments in Sect. 2.
It contains 515 original food images in total (103 im-
ages for 5 food categories). Each original image was as-
sociated with a 7-dimensional vector (ground-truth) of
total attractiveness scores (Sect. 2.2), which represents
how much each font was preferred within the 7 fonts
(Fig. 2) in the preference experiment. The dataset was
divided into 2 subsets in a 7:3 ratio by stratified sam-
pling; one for training, and the other for testing.

We used Mean Squared Error (MSE; Range [0, 25])
and Accuracy (Acc) as evaluation metrics. Acc is the
percentage of the original food images that the pro-
posed method could correctly predict the ground-truth
fonts. We evaluated Top-1 and Top-3 Acc.

We used 2 pre-trained CNN models: ResNet18 [7]
and VGG16 [8], for image feature extraction, and a
pretrained Japanese BERT model2 [9] for text feature
extraction. The dimensions of the feature vectors were
Di = 512 for ResNet18, Di = 4, 096 for VGG16, Dc =
4, 096, Dt = 768, and N = 7. We trained each model
using Adaptive Moment Estimation (Adam) [10] for
optimizing the parameters, with a learning rate of α =
0.001 and a batch size of 32. Data augmentation was
applied to the training data in the order of, 1) random
horizontal flip, 2) random cropping in the range of 70–
100% of the image area, and 3) random rotation in the
range of 0–60◦ .

4.2 Results of quantitative evaluation

Table 1 shows the quantitative evaluation results of
the font selection task using our model. ResNet18
showed excellent performance on the training data,
whereas that on the test data decreased significantly,
which can be attributed to the high expressive abil-
ity of its features that make it prone to overfitting.
VGG16 performed poorly in the training data com-
pared to ResNet18, but showed a relatively small per-
formance loss and slightly higher accuracy on the test
data. This would be because the simpler VGG16 model
represented only rough features and tended to be less
prone to overfitting.

For reference, we also show the evaluation results
with models trained with CNN and BERT individu-
ally in Table 1. Our model combining them achieved
significantly higher performance compared to the in-
dividual models. Specifically, when trained with CNN
alone, the model relied on partial information captured
from the image, which led to limited accuracy. On
the other hand, BERT alone excelled at capturing the
meaning and context of the text, maintaining relatively
high accuracy, although the accuracy was somewhat
lower than our model. This shows that our model that
combined VGG16 and BERT was the most effective,

2cl-tohoku/bert-base-japanese-char-whole-word-masking



Table 1: Quantitative evaluation results: MSE on
Training / Testing data and Top-1/-3 Acc. † indicate
compared methods.

Model
MSE ↓ Acc [%] ↑

(Train / Test) (Top-1 / -3)

ResNet18+BERT 0.075 / 1.540 52.7 / 85.3
VGG16+BERT 0.467 / 1.210 63.3 / 92.0

ResNet18 [7] only† 0.100 / 1.733 49.0 / 84.0
VGG16 [8] only† 0.811 / 1.735 52.0 / 83.7
BERT [6] only† 0.761 / 1.356 55.0 / 88.0

Figure 7: Distributions of the predicted results by the
proposed method using VGG16.

maintaining high performance while suppressing over-
fitting, and providing the most stable results.

We also show the distribution of Ground-Truth vec-
tors (GT) together with the predictions by our method
(VGG16-based model, the best in Table 1) in Fig. 7.
These distributions are very similar, indicating that
our method was capable of adequately learning the re-
lationship between food images and their titles, and
consequently, the model accurately captured the dis-
tribution of font preference for each food.

4.3 Results of qualitative evaluation

Some examples of the font selection results by our
method with VGG16 are shown in Fig. 8. As men-
tioned in Sect. 2.3, our model selected fonts based on
the impression of foods, such as Reggae One for foods
with spicy impression. It shows the ability to appropri-
ately learn and predict the relationship between the im-
pression of food images and titles and their font styles.

However, in cases such as food images for Chinese
cabbage cream soup or soy sauce butter corn potage, the
ground-truth font was Kaisei Decol, but the proposed
model often predicted Noto Serif Japan as a more at-
tractive choice. This discrepancy can be attributed to
the fact that human evaluation tends to emphasize el-
ements of Western cuisine, such as cream soup or corn
soup, which give an impression of elegance and sophis-
tication, leading to Kaisei Decol being rated as more
attractive. In contrast, the proposed model strongly
relied on keywords in the food titles, such as Chinese
cabbage or soy sauce, which were more strongly associ-

Input Image Ground-truth
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Figure 8: Examples of font selection results.

ated with Japanese cuisine.
In other words, while human evaluations are based

on the overall appearance and impression of the food
image, our model might be biased toward specific words
in the food title. To address this issue, it is necessary to
design an architecture that effectively integrates both
visual and textual information, enabling a balanced
and comprehensive assessment.

5 Conclusion

We analyzed the attractiveness of title-overlaid food
images posted on social media, and created a dataset
annotated with font preferences by human panelists.
Then, based on it, we made a multimodal font selec-
tion model. Quantitative and qualitative evaluations
showed the effectiveness of our model.

Future work includes 1) increasing experimental
data with more various overlaying conditions such as
text positions, sizes and colors, 2) increasing panelists
for assignment of attractiveness scores, 3) applying reg-
ularization techniques to avoid overfitting, 4) introduc-
ing an architecture that properly captures the key fea-
tures in both image and text in terms of attractiveness,
and 5) more comprehensive evaluations by comparing
the proposed method with state-of-the-art multimodal
LLMs.
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