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ABSTRACT

1

Aesthetics has become increasingly prominent for image search
to enhance user satisfaction. Therefore, image aesthetics assessment is emerging as a promising research topic in recent
years. In this paper, distinguished from existing studies relying on a single label, we propose to quantify the image
aesthetics by a distribution over quality levels. The distribution representation can eﬀectively characterize the disagreement among the aesthetic perceptions of users regarding the
same image. Our framework is developed on the foundation of label distribution learning, in which the reliability of
training examples and the correlations between quality levels are fully taken into account. Extensive experiments on
two benchmark datasets well veriﬁed the potential of our approach for aesthetics assessment. The role of aesthetics in
image search was also rigorously investigated.

Relevance is generally of paramount concern in image search
systems, which seek to make the topic of returned images
match that of the textual query. However, with rapid advances in information retrieval technologies, modern image
search engines are able to achieve the goal in most circumstances, and the relevance may not always be the primary
factor in determining user search satisfaction [3]. Meanwhile,
users place increasing demands on the aesthetics of returned
images, especially for those queries with plenty of relevant
results. Therefore, it is desirable for search engines to rank
images not only by topical relevance but also by aesthetic
quality.
Aesthetics assessment aims to measure whether an image
looks beautiful in human’s perception, so that aesthetically
pleasing images can be singled out. In most existing studies
[6–8], aesthetics assessment is transformed to a classiﬁcation
or regression problem, where each image is assigned a single
label (i.e., category or score) indicating its aesthetic quality
level. However, as the saying goes, “beauty is in the eye of
the beholder ”; aesthetics is essentially a subjective perception, and diﬀerent people may have diﬀerent ideas about the
beauty of the same image. In light of this, a single label
is insuﬃcient to characterize the disagreement among the
aesthetic perceptions of users.
To further illustrate this point, we performed a preliminary experiment on the AVA dataset [9], which is currently
the largest publicly available dataset for aesthetic visual analysis. The AVA dataset consists of 255,530 images with the
counts of aesthetic ratings on the scale of 1 to 10 contributed
by diﬀerent users. For each image, we computed the entropy
value of the distribution over its aesthetic ratings. Figure 1
plots the histogram of the entropy values for all images. As
can be seen, the distribution over user ratings yields a relatively high entropy value for most images, reﬂecting the fact
that the aesthetic perceptions are inconsistent across users.
This underpins our belief that the aesthetic quality of images
cannot be measured with merely a single label.
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image x ∈ X , f (x) is a c-dimensional vector with the i-th element fi (x) indicating the likelihood of users perceiving the
We subsequently
image x as being at the quality level of li .
normalize f (x) to make fi (x) ∈ [0, 1] and ci=1 fi (x) = 1 to
constitute the aesthetic distribution for x.
Previous work [11] viewed the distribution as a structure
and solved the problem via structured learning. However,
there is no intuitive way to deﬁne the auxiliary compatibility
function measuring how well a possible aesthetic distribution
ﬁts for an image. In our study, we consider LDL as a more
rational solution to this issue. Speciﬁcally, we apply the MSVR algorithm to model the aesthetic distribution for the
image x by
z = Wϕ(x) + b ,
(1)

Figure 1: Histogram of the entropy values of the
distribution over user ratings. Note that the upper
limit of the entropy value is log2 10, since the ratings
are discretized into 10 levels.

where ϕ(x) is a nonlinear transformation of x to a higher
dimensional feature space RH . In practice, the kernel tricks
can be harnessed to avoid the explicit computations of ϕ(x).
W ∈ Rc×H and b ∈ Rc are the model parameters. Moreover,
we constrain each component of the output of our model
within the range of a probability, i.e., [0, 1]. Therefore, the
sigmoid function is applied to each component of the vector
z, and the ﬁnal formulation of our model is represented by
1
.
(2)
f (x) = s(z) =
1 + exp(−z)

Motivated by the above discussions, in this paper, we propose to apply a distribution to depict the aesthetic quality
of an image. Each component of the distribution indicates
the probability of users assigning a speciﬁc quality level to
the image. The form of distribution oﬀers advantages in
two aspects: 1) Distinguished from a single label, a distribution quantiﬁes the uncertainty in the process of aesthetic
evaluation, so that the disagreement about users’ aesthetic perceptions can be eﬀectively captured; 2) Depending on
practical needs, a distribution can be easily converted to a
category or score with its numerical characteristic, such as
the expectation or median. This ensures that the aesthetic classiﬁcation or ranking task can be smoothly performed
with the distribution representation as well.
Our framework is developed on the foundation of Label
Distribution Learning (LDL) [4], which seeks to learn the
mapping from an instance to its distribution over multiple
labels in a supervised manner. Speciﬁcally, we adopt the
Multivariate Support Vector Regression (M-SVR) [10] as
the backbone of our learning algorithm. To reduce the effects of the shortage of rating users for training examples,
the reliability of training examples is explicitly deﬁned and
incorporated into our approach. Besides, we take account
of the correlations between quality levels to further enhance
the robustness of our approach.
Extensive experiments on two benchmark datasets verify
the promise of our approach in both scenarios of distribution
prediction and label prediction for aesthetics assessments. In
addition, we also demonstrate the eﬃcacy of our approach
in the task of aesthetics-based image reranking.

2.2

Distribution-oriented Learning

In our study, we seek to learn the model parameters W and b
in a supervised manner. Typically, a training set is available
in the form of T = {(x(1) , y(1) ), (x(2) , y(2) ), . . . , (x(n) , y(n) )},
(i)
(i)
(i)
where x(i) is an image instance, and y(i) = [y1 , y2 , . . . , yc ]T
(i)
is the vector whose element yj denotes the number of users
(i)

(i)

(i)

choosing lj for x(i) . Assume d(i) = [d1 , d2 , . . . , dc ]T is
the true aesthetic distribution associated with x(i) , which
can be approximately estimated by
 c
(i)
(i)
(i)
yk .
(3)
d j = yj
k=1

With the training set, the model parameters W and b
can be determined by minimizing the objective
n
λ
L(f (x(i) ) − d(i) ) ,
(4)
W2F +
i=1
2
2
where WF is the regularization term with the Frobenius
norm, and L(f (x(i) ) − d(i) ) is the loss function for the ith training example. λ is a hyperparameter controlling the
tradeoﬀ between the model complexity and the corresponding loss. In M-SVR, the loss function is deﬁned based on the
hinge loss, i.e.,

0
v2 < ε ,
(5)
L(v) = 
2
v2 ≥ ε .
v2 − ε

2 FRAMEWORK
2.1 Aesthetic Distribution

However, as pointed in [5], a potential problem with the
objective in Eq. (4) lies in that it is non-convex and cannot be solved via the kernel tricks, due to the involvement
of the sigmoid function. To address the problem, instead
of comparing f (x(i) ) against d(i) , we measure the loss by
z(i) . z(i) is the incomputing the distance between z(i) and 
termediate transformation of x(i) as shown in Eq. (1), and

In this paper, we target at measuring the aesthetic quality of
images by an aesthetic distribution, so that the disagreement
among aesthetic perceptions of users can be eﬀectively characterized. Formally, let X be the image feature space, and
L = {l1 , l2 , . . . , lc } denotes the set of c predeﬁned quality levels. Our goal is to learn a hypothesis f : X → Rc . Given an
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z(i) is attained by solving the equation d(i) = s(
z(i) ). It has
(i)
(i)
(i)
z ||2 ≥ 4||f (x ) − d(i) ||2
been demonstrated that ||z − 
always holds [5]. Therefore, we replace (f (x(i) ) − d(i) ) with
1
(z(i) − 
z(i) ) and derive a new objective, i.e.,
4
n
1
λ
L( (z(i) − 
z(i) )) .
(6)
Γ = W2F +
i=1
2
4
Γ is a upper bound on the original objective in Eq. (4).
By minimizing Γ, we can eﬀectively reduce the value of the
original objective. Finally, we resort to an iterative quasiNewton method called Iterative Re-Weighted Least Square
(IRWLS) [5] for the minimization problem.

2.3

Table 1: Distribution prediction results on AVA.
Metric AAkNN IISLLD BFGS ADL ADLrel ADLcol
Cheb
Euc
KL

0.152
0.379
0.446

0.166
0.382
0.393

0.156 0.146
0.348 0.310
0.393 0.332

0.147
0.308
0.328

0.143
0.303
0.326

Table 2: Distribution prediction results on PN.
Metric AAkNN IISLLD BFGS ADL ADLrel ADLcol
Cheb
Euc
KL

Model Reinforcement

In the earlier discussions, we treat all training examples uniformly, and estimate their true aesthetic distributions with
Eq. (3). However, it is clear that the more users have rated
an image, the more reliable is the aesthetic distribution computed by Eq. (3). In view of this, we assign each training
example a weight to reﬂect its reliability. Speciﬁcally, the
weight of x(i) is deﬁned by
⎛
⎞
c
(i)
γ·
k=1 yk − μ
(i)
⎠ ,
w = s⎝
(7)
σ

0.305
0.477
0.531

0.323
0.552
0.599

0.335 0.299 0.291
0.522 0.461 0.448
0.690 0.517 0.505

0.290
0.450
0.507

for testing. Each image was represented with the same features as described in [8]. The proposed three approaches
for aesthetic distribution learning, namely, ADL, ADLrel ,
and ADLcol , were obtained by minimizing the objectives of
Γ, Γrel , and Γcol , respectively. Hyperparameters of our approaches were tuned via 5-fold cross-validation.

3.2

where μ and σ are the mean and standard deviation of the
number of rating users for an image in the training set, respectively. s (·) is the sigmoid function, and γ is a smoothing hyperparameter. By introducing the weights of training examples into Eq. (6), a reliability-sensitive objective is
achieved, i.e.,
n
λ
1
w(i) L( (z(i) − 
z(i) )) .
(8)
Γrel = W2F +
i=1
2
4
Minimizing Γrel results in the best model that gives priority
to ensuring the correct predictions for more reliable training
examples.
It is also accepted that the probabilities of diﬀerent quality levels assigned to an image are correlated. For instance,
the pairs of adjacent quality levels generally have highly positive correlations, while negative correlations are allocated to
those apart ones. To capture such dependencies between
quality levels, the loss function in Eq. (5) is modiﬁed to

0
vC < ε ,

(9)
L(v) = 
2
vC ≥ ε .
vC − ε

Aesthetic Distribution Prediction

We ﬁrst set up experiments in the scenario of aesthetic distribution prediction for images. Our approaches were compared against three existing LDL algorithms [4], including
AAkNN, IISLLD, and BFGS. We evaluated each method
by measuring the average distance between the predicted
and true aesthetic distributions of images. Three metrics
were adopted, i.e., Chebyshev distance (Cheb), Euclidean
distance (Euc), and Kullback-Leibler divergence (KL).
Table 1 and Table 2 display the comparison results on AVA
and PN, respectively. As can be seen, all the proposed approaches outperform the other competitors in diﬀerent metrics. This veriﬁes the promise of our approaches for aesthetic distribution learning. Besides, both ADLrel and ADLcol
achieve better performance than ADL in most cases, which
highlights the importance of taking account of the reliability of training examples as well as the correlations between
quality levels in our framework.

3.3

Aesthetic Label Prediction

As aforementioned, the aesthetic distribution can be converted to a single label with its numerical characteristics. Therefore, we further evaluate our approaches in the task of image
aesthetic classiﬁcation. On both datasets, each image was
labeled as “high quality” or “low quality” according to the
average of its ground-truth ratings. Given a test image, the
expectation of the predicted aesthetic distribution was used
as an aesthetic score, indicating the conﬁdence of its belonging to the high quality category. We introduced several existing aesthetic classiﬁcation algorithms as the competitors,
i.e., the methods of Marchesotti [8], Ke [6], and Lo [7].
Figure 2 presents the ROC curves for the classiﬁcation
performance of diﬀerent methods. More precisely, the AUC
value achieved by ADLcol is 0.685 on AVA, and substantially

Here, ·C denotes the ellipsoidal norm. We deﬁne vC =
√
vT Cv, where C ∈ Rc×c is the matrix with the (i, j)-th
entry indicating the correlation coeﬃcient between li and
 a correlationlj . On the basis of the new loss function L,
embedded objective can be represented by
n
λ
 1 (z(i) − 
z(i) )) .
(10)
L(
Γcol = W2F +
i=1
2
4

3 EXPERIMENTS
3.1 Experimental Configuration
We adopted two benchmark datasets for aesthetics assessment, i.e., AVA [9] and Photo.net (PN) [2]. On both datasets, we took half of the total images for training and the rest
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Table 3: Performance comparison between the initial ranking and aesthetic-based ranking in terms of
precision.

Figure 2: ROC curves for the classiﬁcation performance of diﬀerent methods.

Initial Aesthetic

Query

Initial Aesthetic

Lamp
Car
Penguin
Party
Trump

0.455
0.503
0.491
0.493
0.533

Sunset
Phone
Rain
Cat
Dandelion

0.481
0.529
0.479
0.448
0.479

0.545
0.497
0.509
0.507
0.467

0.519
0.471
0.521
0.552
0.521

that users aim to gain related information for such queries,
and the aesthetics may not be the major concern in their
search process.

higher than the values of 0.640, 0.629, and 0.592 for Marchesotti, Ke, and Lo, respectively. On PN, our approaches also
enjoy up to 26.7% relative improvement over the existing algorithms. Such results suggest that our approaches, while
specialized for aesthetic distribution learning, still emerge as
highly eﬀective tools for image aesthetic classiﬁcation. Moreover, it should be noted that there seems no signiﬁcant difference in the AUC values of ADL, ADLrel , and ADLcol .

3.4

Query

4

CONCLUSIONS

In this paper, we investigate the problem of image aesthetics
assessment from a new perspective of learning the distribution over quality levels. Our approach is thereby able to characterize the disagreement among the aesthetic perceptions
of users. We build upon the framework of label distribution
learning, and integrate disparate sources of information in
our model. For future work, we plan to experiment with
other label distribution learning algorithms to augment our
current scheme.

Aesthetics-based Reranking

In order to investigate the role of aesthetics in image search,
we manually selected 10 queries, and collected the top 50 images returned by a well-known search engine for each query.
The aesthetic quality of a returned image was evaluated
based on its aesthetic score predicted by ADLcol , which was
used as the representative of our approaches. Following the
Borda count method [1], we developed a new reranking strategy by fusing the initial ranking and the ranking in order of
aesthetic quality for each query. We term the resulting ranking as the aesthetic-based ranking.
Given a query, ﬁve volunteers were invited to select the 20
most agreeable results, from the set composed of the top 20
images in the initial ranking and those in the aesthetic-based
ranking. For either ranking, the precision metric is deﬁned
as the proportion of selected images from it:
20 I (k)
1
·
,
(11)
P rec =
k=1 20
O(k) + 1
where I(·) and O(·) are two indicator functions. I(k) = 1
if the k-th selected image came from the given ranking and
zero otherwise. Likewise, O(k) indicates whether the image
appears in the initial ranking and aesthetic-based ranking
simultaneously. The average value of precision over all volunteers was reported to evaluate the overall performance.
Table 3 lists the performance comparison between the initial ranking and aesthetic-based ranking with respect to different queries. We can see that for most queries, volunteers
prefer the images from the aesthetic-based ranking rather
than those from the initial ranking. This points clearly to
the importance of the aesthetic quality of results in image
search. In addition, the aesthetic-based ranking does not exhibit improved performance on some queries about products
or people, such as “Phone” and “Trump”. We conjecture
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