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Abstract 
Image Aesthetic Assessment (IAA) is a widely considered problem given its 
usefulness in a wide range of applications such as the evaluation image cap-
ture pipelines, sharing and storage techniques media, but the intrinsic me-
chanism of aesthetic evaluation is seldom been explored due to its subjective 
nature and the lack of interpretability of deep neural networks. Noticing that 
the photographic style annotations of images (i.e. the score of aesthetic 
attributes) are more objective and interpretable compared with the Mean 
Opinion Scores (MOS) annotations for IAA, we evaluate the problem of 
Aesthetic Attributes Assessment (AAA) as to provide complementary infor-
mation for IAA. We firstly introduce the learning of data covariance in the 
field of Aesthetic Attributes Assessment and propose a regression model that 
jointly learns from MOS as well as the score of all aesthetic attributes at the 
same time. We construct our method by extending the scheme of data uncer-
tainty learning and propose data covariance learning. Our method achieves 
the state-of-the-art performance on AAA without architectural design that 
trains in a totally end-to-end manner and can be easily extended to existing 
IAA methods.  
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1. Introduction 

Image Aesthetics Assessment (IAA) aims to predict the aesthetic quality score of 
a given image. Given the growing amount of digital photography IAA has be-
come increasingly important in many downstream tasks such as image cropping, 
image aesthetic manipulation, and image search [1]-[7]. Due to the high degree 
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of subjectivity of the problem [2] [8] and low interpretability of deep neural 
networks, the intrinsic mechanism of IAA has seldom been explored [7], al-
though many solutions have been proposed. 

It has been shown that human aesthetic experience is connected with 
long-established photographic rules [9], thus it is beneficial to provide 
style-related information when evaluating the aesthetics of images, which is 
exactly what Aesthetic Attributes Assessment (AAA) is about. Compared to 
IAA, which predicts only the overall score of image aesthetics, AAA aims to 
provide not only the main score but also the score of photographic rules such as 
Rule of Thirds, Symmetry, Vivid Colors, etc. [10] [11]. Since the evaluation 
process of photographic rules is more objective than that of the overall aesthet-
ics, the prediction result made by an AAA model can be viewed as a predictable 
IAA prediction as it contains tractable clues to interpret the result as shown in 
Figure 1.  

Albeit the insightful information provided, AAA is overly underestimated 
[12]. Recent approaches that address IAA focus only on the overall score (MOS), 
but few care about what the underlying graphic styles (attributes) are and how 
they interact with each other (including MOS). Due to the ambiguous nature of 
aesthetics evaluation, interpretability brought about by these graphic styles 
(attributes) becomes substantially important. Unfortunately, the majority of 
proposed IAA approaches only predict one single score (MOS) at inference time, 
which is unreliable to use. 

Since the IAA problem is ambiguous, the constructed dataset is annotated 
noisily [13] [14] [15] [16]. As AAA introduces more targets to predict (i.e. the 
photographic styles), it should suffer from noise more seriously. To make it even 
worse, these photographic styles might be intertwined with each other [2] [8] 
[13] and contribute differently to the overall aesthetic score. These challenges 
make AAA more complicated. 
 

 
Figure 1. Image evaluation with photographic styles. Scores are normalized to 0 and 1 for 
illustration. Red represents the ground truth annotation in test set and blue represents 
prediction made by our model. 
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As pointed out in [17] modeling data uncertainty is beneficial in noisy data 
training [18] [19] [20] [21]. However, recent data uncertainty learning methods 
treat the modeled multivariate noise independent among components for sim-
plicity, which is not an appropriate assumption for intertwined variables like 
photographic style. Hence we extend the framework of data uncertainty learning 
to data covariance learning to fit the AAA problem which is achieved by ex-
tending the set of independent variances into a covariance matrix. Then the 
model is trained with cross-entropy with the data covariance setting, which can 
be viewed as a natural extension of the commonly used mean squared error. 

Our method, as shown in Figure 2, is universally extensible to all CNN-based 
architecture, and reaches the state-of-the-art performance with a standard Res-
Net-50 backbone without any handcrafted architectural design in the field of 
AAA. That means our method can inject the discrimination ability of aesthetic 
attributes for IAA methods that did not care about it before. The effectiveness of 
our method is verified by experiments. Our contributions lie in four folds: 

1) Extend the commonly used cross-entropy loss for covariance learning; 
2) Emphasize the importance of AAA as it provides compliment information 

to IAA without hurting the performance of predicting the overall score; 
3) No handcrafted architecture design needed, thus our method can be trans-

planted to IAA method easily; 
4) For the first time, we report that, without any handcrafted feature design, 

the CNN model is constantly doing better in one attribute called Vivid Color 
than the overall score, which supports our assumption that the photographic 
style is more objective to evaluate than the overall aesthetics score, which at the 
same time, unveil an underlying mechanism of CNN that it learns to evaluate 
photo aesthetics mainly through color. 

2. Related Work 

A. Aesthetic attributes assessment 
There are many works that aim to tackle the IAA problem. Among them, ear-

ly ones focus on designing handcrafted features [4] [16] [22] [23] [24] and recent 
works adopt deep neural networks [10] [13] [14] [15] [25]-[30]. However, very 
few works focus on the photographic styles. [10] is the first to study AAA, and 
propose a dataset called AADB that is annotated with the overall scores as well 
as the scores of 11 kinds of meaningful photographic styles. [11] is another one 
to study AAA, which learns 8 attributes in AADB dataset and develops a visua-
lization method by back propagating the gradient. 
 

 

Figure 2. Pipeline of our proposed method. 
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B. Data uncertainty in deep learning 
Modeling data uncertainty is beneficial to deep learning which describes data 

noise effectively by Gaussian distribution. [17] proposes to model random em-
beddings for facial recognition in the form of ( ) ( )2| ; ,i i i i ip z x N z Iµ σ= , which 

iz  is the embedding for the i-th sample ix  in the dataset, with a KL divergence 
term added as regularization to iσ . The learned model can therefore predict the 
uncertainty iσ  of data for each cluster iµ . 

C. Data uncertainty in image aesthetics assessment 
Modeling data uncertainty is beneficial to aesthetics assessment. [13] finds 

IAA problem benefit from data uncertainty modeling due to the ambiguity. 
They propose a unified probabilistic formulation to deal with IAA and introduce 
Gaussian uncertainty for score (MOS) distribution. However, the interaction 
among attributes is not concerned. 

D. Cross-entropy (CE) serves as strong baseline in deep metric learning 
[31] shows that when optimizing, CE can reflect Mutual Information (MI) 

which takes care of inter- and intra-class distance and the state-of-the-art per-
formance is obtained in deep metric learning dataset with a standard Resnet-50 
architecture. This method addresses deep metric learning by CE with label 
smoothing which can be viewed as indirect regularization to a scalar variance, 
albeit not explicitly modeled. 

3. Algorithm 

A. Training Objective 
Since for each image in the dataset, the final result of the main score, as well as 

that of all other attributes, can be viewed as the accumulation from multiple in-
dependent human raters which roughly satisfies the prerequisite of big number 
theory, we can hypothesize that the multi-dimensional label iy  i.e. the main 
score along with the scores of all other attributes, conditioned on its input image 

ix , satisfies the multi-variate normal distribution. In order to utilize the full 
power of data uncertainty modeling, we adopt a general multi-variate normal 
distribution with a full functioning covariance matrix iΣ  for each input image, 
i.e.  

( )1| | , , .i i i iy x N y x µ −Σ                      (1) 

The model is learned by minimizing the conditional cross-entropy between 
the ground truth label and the model output, we have  

( ) ( ) ( ) ( ), , ˆ| ln | ,
i i i i i ix y x yloss y x y x= − FE I P



             (2) 

which F is the empirical distribution, I  is the indicator function suggested by 
the label and ŷ  is the predicted result of the model to be fit. The above equa-
tion can be further simplified as,  

( )
( )

,

1 ˆln | ,
i i

i i
x y D

loss y x
N

= − ∑ P


                  (3) 

which D stands for the dataset, and the equation is in line with the maximum li-
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kelihood estimation of multivariate normal distribution. 
In order to improve computation efficiency, we integrate the condition ix  

into iµ  and 1
i
−Σ , i.e.  

( ) ( )( )1 2

1| | , .i i i iy x y x xθ θµ −ΣN                   (4) 

Then the cross-entropy becomes:  

( )
( ) ( )( )1

,

1 ˆln | , .
i i

i i i
x y D

loss y x x
N

µ −= − Σ∑ P


             (5) 

Substitute (1) into (5), we have  

( )
( ) ( )T1 1

,

1 1 1ln ,
2 2i i

i i i i i i
x y D

loss y y
N

µ µ− − = − Σ + − Σ − 
 

∑


       (6) 

Furthermore, if we set iΣ  to identity matrix, then this loss function degene-
rates to mean square error. 

B. Positive Definiteness of 1−Σ  
Since the covariance matrix ( )1 x−Σ  should be kept symmetric and positive 

definite throughout the course of training, otherwise the 1ln −Σ  will be unde-
fined, we need to find a proper parameterization that complies with the con-
straint and is easy to optimize. Observing that the symmetry and positive defini-
tion can be satisfied simultaneously, we propose the following two-step parame-
terization. 

Suppose ( )a x  is an m2-dimensional output generated by a neural network, 
m is the dimension of iy . We reshape ( )a x  into A such that m mA ×∈ . 
Firstly, a symmetric matrix is obtained by: 

T .M A A← +                         (7) 

Then a positive definite matrix is obtained by: 
1 .S M I
m

← +                         (8) 

Since a positive definite matrix is invertible, then we can obtain 1−Σ  by: 
1 .S−Σ ←                            (9) 

We can further obtain Σ  simply by calculating the inverse of 1−Σ  for more 
flexibility at inference time, but it is not necessary for training. Such arrange-
ment enables computation efficiency without hurting flexibility of the model. 

4. Experiments 

A. Dataset 
The dataset we concern is AADB [10], since it provides eleven meaningful 

aesthetic attributes in addition to the overall aesthetic score (MOS) which is col-
lected from professional photographers. 

B. Implementation details 
Our method is trained jointly in an end-to-end manner on MOS and all ele-

ven aesthetic attributes under Alexnet and ResNet-50 following the train-val-test 
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split in [10]. We use AdamW [32] with warmup under the following parameters: 

1 0.9β = , 2 0.99β = , learning rate of 7e−4, weight decay of 1e−2 and epoch of 
10. These parameters are picked as default except for the learning rate, which is 
picked by the range test [33]. 

C. Performance evaluation 
We compare our method with all existing AAA methods [10] [11]. As is 

shown in Table 1, our method outperforms previous method on most attributes 
even with weak backbone like AlexNet. The metric we use to evaluate the per-
formance of different methods is spearman rank order coefficient. Some data 
examples are shown in Figure 3. 
 
Table 1. Spearman rank order coefficient ρ compared with other Aesthetics Attributes 
Assessment method under AADB. 

Attribute 
Kong et al. 

[10] 
Malu et al. 

[11] 
Proposed-AlexNet Proposed-ResNet50 

Balancing Element 0.220 0.186 0.320 0.339 

Color Harmony 0.471 0.475 0.494 0.539 

Interesting Content 0.508 0.584 0.537 0.580 

Shadow Depth of Field 0.479 0.495 0.511 0.553 

Good Lighting 0.443 0.399 0.459 0.488 

Motion Blur - - 0.434 0.416 

Object Emphasis 0.602 0.666 0.648 0.673 

Repetition - - 0.508 0.530 

Rule of Thirds 0.225 0.178 0.288 0.279 

Symmetry - - 0.496 0.475 

Vivid Color 0.648 0.681 0.686 0.715 

Overall Aesthetic Score 0.6542/0.678 0.689 0.656 0.708 

 

 

Figure 3. Test cases of our proposed method. Scores are normalized to 0 and 1 for illustration. Red represents the ground truth 
annotation in test set and blue represents prediction made by our model. 
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D. Ablation study 
To verify the effectiveness of our method, we conduct experiments on two 

different backbones as AlexNet (Table 2) and ResNet-50 (Table 3). As our pro-
posed data covariance learning scheme (COV) can be viewed as an extended 
form of mean square error (MSE), thus the ablation study is designed to use 
models trained with MSE to represent the absence of COV. 
 
Table 2. Ablation study with AlexNet under AADB. COV/MSE means the model is 
trained with/without the proposed covariance learning branch. 

Attribute Alex-MSE Alex-COV (Proposed) 

Balancing Element 0.300 0.320 

Color Harmony 0.469 0.494 

Interesting Content 0.529 0.537 

Shadow Depth of Field 0.504 0.511 

Good Lighting 0.443 0.459 

Motion Blur 0.407 0.434 

Object Emphasis 0.633 0.648 

Repetition 0.463 0.508 

Rule of Thirds 0.231 0.288 

Symmetry 0.452 0.496 

Vivid Color 0.661 0.686* 

Overall Aesthetic Score 0.6566 0.6569 

Average 0.479 0.503 

Median 0.466 0.502 

 
Table 3. Ablation study with Resnet50 under AADB. COV/MSE means the model is 
trained with/without the proposed covariance learning branch. 

Attribute Resnet50-MSE Resnet50-COV (Proposed) 

Balancing Element 0.338 0.339 

Color Harmony 0.513 0.539 

Interesting Content 0.583 0.580 

Shadow Depth of Field 0.549 0.553 

Good Lighting 0.482 0.488 

Motion Blur 0.432 0.416 

Object Emphasis 0.648 0.673 

Repetition 0.511 0.530 

Rule of Thirds 0.244 0.279 

Symmetry 0.497 0.475 

Vivid Color 0.693 0.715* 

Overall Aesthetic Score 0.706 0.708 

Average 0.516 0.525 

Median 0.512 0.535 
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5. Discussion 

We model all of the 11 attribute in the original dataset in a TOTALLY end-to-end 
manner, without: 1) Sampling strategies of training pairs in [10]; 2) Handcrafted 
attributes selection and architectural design of CNN [11]. 

Our method is encapsulated in a loss-function style, which means high exten-
sibility in a broad range of CNN-based deep learning method.  

Full information of the target distribution can be extracted which can produce 
conditional distribution of any combinations of factors, which is useful in appli-
cation, and further increase interpretability. 

Interestingly, our method does not need to perform regularization on Σ  as 
other data uncertainty methods, which may be because of the two-step parame-
terization that serves as a strong regularizer. 

Our method can be further improved by: 1) using more complicated parame-
terization as Gaussian Process; 2) initialized with pretrained weight that better 
illustrates photographic styles, such as the pretrained weights derived from scene 
classification and texture recognition; 3) applying features that represent style; 4) 
train with conditional distribution that depends on one or more attributes. 

6. Conclusion 

We have developed a theoretically neat approach along with an efficient imple-
mentation to model the interaction of multiple photographic attributes which is 
extensible to a broad range of deep learning based methods. Our experiments 
show superior results especially on attributes that were previously thought diffi-
cult and provide better interpretability due to the meaningfulness of attributes 
while nearly no extra computing cost is introduced since it contains no archi-
tectural requirements. To sum up, our method is a good complement to image 
aesthetic assessment framework. 

Source Code 

Our experiments for Aesthetic Attributes Assessment are implemented with 
PyTorch [34] and fast.ai [35], which is available at  
https://github.com/Hong123123/AAACov.  
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