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Abstract. Facial beauty prediction is a challenging task in pattern recognition
and biometric recognition as its indefinite evaluation criterion, compared with the
other facial analysis task such as emotion recognition and gender classification.
There are many methods designed for facial beauty prediction, whereas they have
some limitations. Firstly, the results are almost achieved on a relative small-scale
database, thus it is difficult to model the structure information for facial beauty.
Secondly, most facial beauty prediction algorithm presented previously needs
burdensome landmark or expensive optimization procedure. To this end, we
establish a larger database and present a novelmethod to predict facial beauty. The
works in this paper are notably superior to previousworks in the following aspects:
(1) A large database is established whose distribution is more reasonable and
utilized in our experiments; (2) Both female and male facial beauty are analyzed
under unconstrained conditions without landmark; (3) Multi-scale apparent fea-
tures are learned by ourmethod to represent facial beautywhich ismore expressive
and requires less computation expenditure. Experimental results demonstrate the
efficacy of the presented method from the aspect of accuracy and efficiency.
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1 Introduction

Facial beauty is an ill defined concept. It can be perceived, but can’t be expressed
accurately by words. What produces human perception of beauty is a long standing
problem in human science and the other fields. Computer analysis of facial beauty is an
emerging subject, while numerous studies have indicated that computer can learn the
concept of human beauty profoundly.

Recently, researchers use geometric features [1–5], apparent features [6–8] and then
predict facial beauty by machine learning methods. The former is a hotspot of research
on facial beauty. Researchers extract many meaningful feature points from face images,
and compute geometric distances and ratio vectors between feature points, then take
them as classification features. This method is accurate and robust to lighting and
background noises, but we will lose much feature information characterizing beautiful
faces, such as rippling muscles, structure transition of organs, if geometric features are
used simply to describe face images. Moreover, the extraction of geometric features is
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involved with a great deal of manual intervention, leading to no authoritative results.
Apparent features regard the local or overall appearances of faces as research objects,
which are not confined to simple quantity or proportion relationships and costly manual
landmarks of facial features on the analysis of beautiful characteristics. While, if we use
simple feature extraction model, many information such as spatial relationship between
local structures will be ignored. Recently, deep learning catches the attention of
researchers, and subsequent related research has shown that hierarchical feature pos-
sesses stronger ability of representation. Then, much recent work in this field has
focused on utilizing deep models to learn better feature representation for facial beauty
prediction [6, 7, 9]. These methods need vast computation expense for optimization,
numerous labeled samples for fine-tuning and tricks to choose the appropriate
hyper-parameters. It has been found that K-means can be used as a more effectively
unsupervised feature learning method [10, 11]. In the experimental process, we find that
K-means can learn something meaningful like edge, contour, local structure like eye and
nose, even face parts when the centroids learned by K-means on multi-scale image patch
set are visualized. Those hierarchical object-part representations are important to facial
beauty prediction as they contain spatial information between adjacent features or the
other face structures, which affect facial beauty assessment heavily, and can’t be rep-
resented by general appearance feature very well. On the basis of these observations, we
applied K-means to extract multi-scale apparent features, called multi-scale K-means
and experimental results demonstrate the efficacy of the presented approach.

Furthermore, compared with other face pattern analysis tasks, there is a central
problem in this field. One is that it is difficult for people to apply an objective criterion
to estimate facial beauty. The other is that it is difficult to obtain a number of extremes
beauty: very attractive and very ugly. Consequently, most methods are evaluated on
relatively small-scale self-established database with different rating criterion and
scheme. In 2013, Mu et al. [12] established a database with 99 female images and 151
male images. In 2014, Gan et al. [6] evaluated their method on 600 female images. Yan
[13] established a database with 5000 female images and 5000 male images, but its
beauty distribution is not very reasonable as the extremes of facial beauty have a low
proportion (about 2.4 % to 4.2 %). More details about database can be consulted in
[14]. In this paper, we established a large-scale database with 10000 labeled images for
supervised learning and 80000 unlabeled images for unsupervised learning.

2 Facial Beauty Database

The database containing 5000 labeled female images, 5000 labeled male images and
80000 unlabeled human face images, some sorted examples can be found in Fig. 1. In
addition, to get a good representation of beauty, we expand the original database by
manually collecting extremes beauty: very attractive and extremely unattractive, and
the distribution histogram is shown in Fig. 1. Each image corresponds to 20 raters, 10
males and 10 females respectively. Most rating volunteers are students and teachers
aged between 20–35 years old. In the labeled database, each facial image is labeled by
a discrete integer scale among 1 (extremely unattractive), 2 (unattractive), 3 (average),
4 (attractive), 5 (most attractive).
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In order to obtain scientific and reasonable rating data, the raters are randomly
divided into two groups. We compute the mean ratings of each group, then calculate
the Pearson correlation between two groups of mean ratings to check whether there
exists a consistency between two mean ratings. This procedure repeats many times and
correlation of 0.90 to 0.94 is showed between two groups of mean ratings, which
indicates the consistency of ratings obtained by our assessment scheme.

3 Presented Approach

In this section, we will introduce the presented multi-scale model for facial beauty
prediction. We present the fundamental theories briefly at first and elaborate the
motivation of our method after that, then present the architecture.

3.1 K-means Algorithm

Given a data set X ¼ fxð1Þ; xð2Þ; � � � xðNÞg, where x 2 Rm. The classic K-means algo-
rithm is aimed at finding K centroids flð1Þ; lð2Þ; � � � ; lðKÞg, so that we can partition the
data set into K number of clusters. The centroids can be obtained by minimizing the
following formula:

E ¼
XN

n¼1

XK

k¼1

rðnÞk xðnÞ � lðkÞ
�� ��2 ð1Þ

Where rðnÞk is an indicator describing which cluster the data point xðnÞ belongs to. It can
be calculated as:

rðnÞk ¼ if k ¼ argminj xðnÞ � lðjÞ
�� ��2

0 otherwise

(
ð2Þ

Fig. 1. Left: Some examples of our database. Right: The score distribution of database
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Once we obtain the clusters and corresponding centroids, we can define a feature
mapping r : Rm ! RK . For any input xðnÞ, it can be mapped in a vector rðnÞ 2 RK

according to Eq. (3). This mapping method is named hard-assignment, but this method
is not appropriate for sensory data with large variety in appearance [15]. There is
another choice of mapping method named soft-threshold [16]:

rðnÞk ¼ maxf0; lðzÞ � zkg ð3Þ

Where zk ¼ xðnÞ � lðkÞ
�� ��2 and lðzÞ ¼ 1

K

PK

k¼1
zk . Compared with hard-assignment, it

reserves certain sparsity and competition between features and is more suitable for
object recognition.

Suppose we can learn a feature mapping r : Rw�w ! RK by applying K-means on
image patches set X, where each image patch is w-by-w and randomly sampled from
large images. Then given a high-resolution image of n-by-n pixels (grayscale), we can
obtain a ((n-w)/s + 1)-by-((n-w)/s + 1)-by-K feature representation by utilizing feature
mapping r : Rw�w ! RK to each w-by-w patches of the high-resolution image, where
s is the step-size and w is receptive field size. After that, max pooling or other pooling
method are used over adjacent, disjoint spatial blocks, and regarded as classification
features. The procedures are illustrated in Fig. 2.

Compared with those elaborate feature learning algorithms like sparse coding, RBM
etc., K-means is more efficient since it needs less parameters to adjust and requires less
computation expenditure, therefore it can be scaled up to large-scale database easily.

3.2 Motivation and Architecture of Multi-scale K-means
for Facial Beauty

Suppose that an unlabeled image set D1 contains 40000 images with the resolution of
120 × 120 randomly selected from our database. Gaussian pyramid is applied to each

Fig. 2. Illustration of high-resolution image feature extraction by utilizing K-means. The input
image consists of n-by-n pixel, and the image patches are w-by-w.
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image with four scales, namely 120 × 120, 60 × 60, 30 × 30, 15 × 15, so we construct
the other 3 new unlabeled image sets D2, D3, D4. We find that four scales are an
appropriate choice on the premise of accuracy and computational efficiency. It will
contain redundant feature information if overmuch scale is applied. After that, we
extract 1 million image patches from each image set respectively, which can form
image patch sets P1, P2, P3 and P4, just as shown in Fig. 5. Then we train K-means on
those 4 image patch sets respectively, and obtained 4 groups of centroids, the visual-
ization is shown in Fig. 3. From the visualization, we can see that K-means learned
base elements like edge and corner on P1, local structures like eye and nose on P2,
more complex structures on P3 and face parts on P4, and those results are similar to the
high-level features presented in literature [17, 18].

It is shown that multi-scale K-means is more preferable for facial beauty prediction
than the other feature extraction method since local feature and object-part feature can
encode the spatial relationship between adjacent facial structures, which affect facial
beauty assessment heavily, and can’t be represented by general appearance feature
well. In order to prove it, we design a simple experiment just as description in Fig. 4. In
this experiment, we only adjust the space between eyes and eyebrows by image-editing
tool of the original face and performance artificial rating on these two faces, and higher
rating score of the original is obtained than that of the edited version. Then we com-
pared the representational capacity between K-means and multi-scale K-means. Firstly,
we performed K-means on those two images and obtained normalized code vector Vo

for original and Ve for edited version. Secondly, Deo ¼ Vo � Ve was calculated and the
vector Deo represented the degree of deviation between the corresponding code ele-
ments of two code vector. The greater the deviation, the better discrimination, as shown
in Fig. 4 upper right. Then we encoded the two images by multi-scale K-means and the
above step repeated, the scatter chart is shown in Fig. 4 bottom right. From the two
scatter charts, we can see that multi-scale K-means is more expressive to minor change
of spatial relationship between facial structures than K-means. The more complex of

Fig. 3. Bottom: The visualization of the centroids learned on different image patch set, such as
scale 1 is learned on P1, scale 2 is learned on P2, and so on. Top: We zoom in some centroids for
better observation, and we can see that the features become more complicated from left to right.
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the features, the more sensitive to the change, especially for scale 4. In addition, it is
also demonstrated that the complex object-part features are more selective for the
specific object class [11, 17] and this corresponds to our experimental results.

The structure of multi-scale K-means is presented in Fig. 5. The detailed imple-
mentation is the same as described before. Notice that Kyoto images and the other
nature scene images can be used to train scale 1, while we must use face images to train
scale 2 to scale 4 because we want those K-means feature extractors to learn face parts
instead of other uncorrelated object parts.

4 Experimental Results and Analysis

4.1 Experimental Settings

Our procedures in Matlab-2011b environments are conducted on Window 7 with
Inter CPU (2 cores with each 2.1 GHz) and 32 GB RAM.

Two criteria have been applied to evaluate the performance of the presented facial
beauty prediction model, and the reported results are based on the average value over
5-fold cross validation.

Fig. 4. Illustration of spatial information effect on facial beauty and the representation limitation
of simple appearance features. The upper right is the scatter chart of the deviation of feature
vectors (10400-D) of two faces encoded by K-means. The bottom right is the deviation of feature
vectors (32801-D) obtained by multi-scale K-means.
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1. Rank-1 recognition rate. It is defined as Sc=St, where Sc is the number of correctly
classified testing samples, and St is the number of total testing samples.

2. F1-score. It is the harmonic mean of precision and recall and is defined as
F1 ¼ P� R=ðPþ RÞ, where P is the precision rate, R is the recall rate [19].

4.2 Classification Performance Comparison

We compare our method with the following feature extraction methods. The parameter
settings of multi-scale K-means are shown in Table 1.

1. Raw pixel. Organize the intensity value of each pixel into a 14400-dimensional
feature vector, and take it as classification features directly.

2. Eigenfaces 8. In our experiment, PCA is performed on raw pixel images, and those
images are not aligned.

3. CRBM 6. We constructed CRBM to extract features for our database whose
parameters setting is the same as Gan et al.

4. K-means 10. K-means had achieved state-of-the-art performance on both
CIFAR-10 and NORB database, and it is the fundamental structure of our method.
A K-means model with 4600 centroids is utilized here, and the other parameters are
the same as scale 1 of our method.

Fig. 5. Illustration of multi-scale model. The dotted lines represent feature extraction stage. The
solid lines represent model training stage. The features extracted from all scales are concatenated
into a single long vector and used to train a classifier.
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From the results listed in Table 2, we make the following analysis:

1. Multi-scale K-means outperforms the other method for both female and male
database. That is because our method can utilize more complicated features to
encode the facial beauty information, and experimental results demonstrate the
accuracy of our method.

2. The performance of eigenfaces is lower than the other methods. This is because
there are various variations in our database, such as pose, lighting etc., and it affects
the performance heavily.

3. K-means is a little bit better than CRBM and that is because CRBM has many
hyper-parameters to be tuned, and it is difficult to obtain a set of optimal parameters
without a lot of computation power.

4.3 Classification Performance for Various Labeled Female Database

This experiment is aimed at analyzing the relationship between the algorithm and the
scale of database. We test above algorithms with 1000, 3000, 5000 labeled samples
respectively.

We make the following analysis from the results displayed in Fig. 6:

1. All algorithms generally achieved performance increase by using larger database,
and this is reflect the significance of data for the algorithm.

2. Larger database can compensate for the defect of model structure to some extent. As
we can see that raw pixel with 5000 samples achieve the f1-measure score of
46.14 %, recall of 48.01 % and K-means with 3000 samples achieve f1-measure
score of 45.43 %, recall of 48.21 %.

Table 1. The parameter setting of our method

Parameter Scale 1 Scale 2 Scale 3 Scale 4

# of Centroids 2600 2000 1600 2000
Receptive field size 9 9 7 6
Setp size 1 1 1 1
# of Pooling blocks 16 16 4 4

Table 2. Classification performance on our database

Classifier Feature representation Performance
Rank-1 recognition rate (F1-score)
Female database Male database

SVM Raw pixel 48.31(46.54) 48.65 % (47.42 %)
Eigenfaces 45.42(42.67) 46.61 % (45.51 %)
CRBM 50.07(47.81) 51.40 % (49.13 %)
K-means 51.14(48.33) 53.24 % (53.08 %)
Multi-scale K-means 52.71(51.23) 55.13 % (54.37 %)
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3. When labeled data is limited (e.g. total of 1000 samples) a more elaborated methods
may work better. Such as compared the performance between K-means and CRBM
when training them with database contains samples less than 3500.

4.4 Computational Time

In this experiment, we compared cputime used by the following methods on the whole
female database, in which parallel optimization is not utilized. We’ll list some part of
the associated settings in Table 3.

From the results listed in Table 4, we can see that cputime of CRBM for optimi-
zation stage is much larger than the other methods, while it is much less than the others
for feature extraction stage, and the whole expenditure of time is about trebly the
others. Our method is slightly slower than single layer K-means. This is because scale
2, scale 3 and scale 4 of our methods are utilized to extract features for images with the
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Fig. 6. Performance for various database. The top is performance based on recall rate, and the
bottom is based on F1-score.
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resolution of 60 × 60, 30 × 30, 15 × 15 respectively and this is very fast because the
data size is less compared with 120 × 120.

5 Conclusions

In this paper, we contributed on two aspects. Firstly, a large-scale facial beauty data-
base is established whose distribution is more reasonable. Secondly, a novel archi-
tecture is presented in which complex object-part feature representation is utilized
maximally to encode the spatial information between features. Experimental results
demonstrated the efficacy of our method on the aspect of accuracy and efficiency.

For future work, we will expand the scale of our database further and also need to
improve the artificial rating scheme as we find that there are still several external
influences in the experiment, such as celebrity effect, picture quality, etc. We’ll analyze
the performance of our method based on stacked model, and the key factors affecting
facial beauty prediction from the aspect of feature representation.
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