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Abstract 

With the increasing demand for high-quality imaging in consumer electronics, image aesthetic 
assessment (IAA) has been widely applied to electronic cameras and display devices. Although the 
deformable attention mechanism has been introduced into IAA due to its perceptual capabilities, 
enabling models to refine attention regions by learning interest points and their corresponding 
offsets, existing methods often lack guidance from aesthetic composition features during the offset 
generation process, which limits their performance in aesthetic evaluation tasks. To address this 
issue, we propose a Graph Neural Network (GNN)-guided deformable attention module that 
incorporates composition information into the generation of interest points by modeling image 
features as graphs and applying GNN to guide interest point selection. In addition, we design an 
improved Transformer model that employs neighborhood attention to further enhance IAA 
performance. We evaluate the proposed model on two aesthetic datasets, AVA and TAD66K, and the 
experimental results demonstrate its effectiveness in improving overall model performance. 

Keywords: image aesthetics assessment; graph neural network; deformable attention; deep learning; 
Transformer 
 

1. Introduction 

With the development of technology, consumer electronic devices have become increasingly 
prevalent. People have an increasing demand for high-quality imaging, especially in electronic 
photography. Consequently, it has become particularly important to evaluate these images from the 
perspective of human aesthetic perception. Image quality assessment (IQA) methods have been 
applied to consumer electronic devices. For example, some methods focus on display devices in 
consumer electronics, enhancing image presentation by evaluating color quality or leveraging 
brightness information to reduce distortion [1,2]. In addition, certain IQA methods are designed for 
specialized domains, such as vegetable quality detection [3] or image reconstruction in dental 
equipment [4]. However, these approaches primarily address objective image quality and often 
overlook subjective factors, such as human aesthetic perception. In general, IQA focuses on technical 
fidelity and distortion measurement, whereas IAA aims to evaluate subjective aesthetic appeal from 
a human perspective. Therefore, IQA methods are insufficient for meeting the practical demands of 
photography-related applications in consumer electronics. Image Aesthetic Assessment (IAA) has 
attracted growing attention in recent years. The IAA has been integrated into a variety of consumer 
electronics applications, such as assisting users in capturing aesthetically pleasing photographs and 
recommending content based on users’ aesthetic preferences in software systems [5,6]. When users 
take photos using consumer electronic devices such as cameras or smartphones, the IAA-based 
methods can provide attribute scores to assist users, thereby enhancing the quality of their 
photography. A feasible solution is shown in Figure 1. A schematic diagram of an aesthetic evaluation 
solution that helps users improve their photography. After taking photos, the IAA tool provides 
scores from multiple aspects, helping users identify shortcomings and make targeted improvements 
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to enhance image quality.. This solution significantly enhances the photo-taking experience and is 
not limited to consumer electronics, it can also be applied to general-purpose devices such as office 
terminals and human-computer interaction systems. 

 

Figure 1. A schematic diagram of an aesthetic evaluation solution that helps users improve their photography. 
After taking photos, the IAA tool provides scores from multiple aspects, helping users identify shortcomings 
and make targeted improvements to enhance image quality. 

Recently, most IAA methods are deep learning-based methods. Representative methods include 
those based on Graph Neural Network (GNN) [7–9], large language models (LLM) [10], and 
Transformer [11–13]. Among these, the Transformer methods [14] stand out for its superior 
performance in IAA tasks, largely due to its ability to model long-range dependencies and its 
remarkable scalability. However, current Transformer-based methods still exhibit certain limitations. 
In particular, they often fail to adequately capture the importance of image composition, which is a 
critical factor in aesthetic evaluation. For example, in photographic works that follow specific 
compositional principles [15,16], the model should be able to focus on features guided by these 
principles. However, existing Transformer-based models lack this compositional awareness.  

The deformable attention can be used to solve this problem. This attention originates from 
deformable convolution, is a method that flexibly focuses on spatial positions based on the input. It 
has achieved satisfactory results in fields such as object detection [17,18]. This mechanism allows for 
attention to different locations in an image based on guided interest points. He et al. refine features 
using deformable attention to balance the attention between foreground and background, thereby 
optimizing aesthetic scoring outcomes [11]. However, the generation of interest point does not fully 
consider layout factors. As is well known, the GNN is a neural network specifically designed to 
handle graph-structured data, which typically consists of nodes and edges representing entities and 
the relationships between them, respectively. Therefore, we employ the GNN into this process to 
guide interest point selection. Compared to traditional neural networks, the GNN can more 
effectively capture the relationships between image regions, thereby enhancing the expressive power 
of image features and improving the performance of IAA tasks.  

To fully utilize the layout information of an image for feature extraction, this paper proposes a 
Transformer model guided by graph convolution and deformable attention. This model consists of 
four stages. In each stage, we first use an neighborhood attention block [19] to preliminarily extract 
image features. This block is based on a flexible improved sliding window attention mechanism. 
Second, we design a deformable attention block to refine the features. Specifically, in each deformable 
attention block, we first model the input image features as a graph structure and obtain initial interest 
point coordinates through a graph neural network-based generation module. Subsequently, we use 
an offset generation module to obtain displacements, allowing the interest points to further shift to 
reasonable areas. Finally, these features are sampled based on the coordinates of these interest points.  

Our contributions are concluded as follows:  
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1. We propose a GNN-guided deformable attention module that introduces the GNN into interest 
point generation process. The GNN captures the relationships between different regions of an 
image, enabling the displacement of interest points to better align with aesthetic structures. This 
design addresses the lack of guidance in traditional deformable attention.  

2. We propose an improved deformable attention model that utilizes neighborhood attention as a 
feature extractor, enhancing the model's ability to extract aesthetic features. Compared to the 
sliding window attention mechanism, it achieves superior performance in terms of accuracy.  

3. Extensive experiments on public aesthetic datasets confirm the effectiveness of our model, 
comparing to recent Transformer-based and composition-aware aesthetic assessment models. 

2. Related Work 

2.1. Image Aesthetics Assessment 

Image Aesthetic Assessment (IAA) aims to simulate human aesthetic judgment by analyzing 
visual factors such as composition, color, and style to generate an aesthetic score for an image. The 
development of IAA method can be broadly categorized into two stages: 

2.1.1. Handcrafted Feature-Based Methods 

When the concept of IAA was first proposed, mainstream research methods primarily relied on 
manually selecting features and designing handcrafted extraction techniques. For instance, Datta et 
al. [20] analyzed scoring trends and heuristics to identify features such as tone, texture, and image 
composition as scoring attributes. Obrador et al. [21] defined features based on photographic rules, 
such as sharpness and hue, specifically for photographic images, and constructed categorized 
datasets to study the impact of these features across different classifications. Tang et al. [22] extracted 
features from both the subject and background, combining them with the global features of the image 
to evaluate its aesthetic quality. These designed image features focus on specific aspects of the image; 
however, the limitations of feature design hinder the ability to accurately and comprehensively score 
images. 

2.1.2. Deep Learning-Based Methods 

With the continuous development of deep learning, researchers have increasingly employed 
various neural networks for IAA. The emergence of large-scale aesthetic datasets has further 
established these methods as the mainstream method for image aesthetic evaluation. Duan et al. [23] 
considered the semantic attributes of images, using several attention-generating networks to obtain 
attention maps for different semantic attributes, resulting in semantically enhanced feature 
representation for aesthetic scoring predictions. Hou et al. [24] improved the performance of image 
aesthetic evaluation by employing knowledge distillation, using a pre-trained object classification 
(POC) model as a feature extractor. Shi et al. [25] utilized multi-reference learning to consider the 
consistency between similar images, deriving aesthetic scores based on fine-grained aesthetic 
features. Zhou et al. [26] introduced multi-modal large language models (MLLMs) into the IAA task 
to generate high-quality textual descriptions, addressing the issue of noise present in current datasets. 
However, these methods do not take into account the impact of image composition on the IAA task. 

2.2. Vision Transformer (ViT) 

Since the introduction of ViT [27], the Transformer has been integrated into the field of image, 
such as image generation [28] and image segmentation [29]. Following this, numerous improvements 
have been proposed. Wu et al. proposed CvT [30], which incorporates convolution into the 
Transformer model, retaining the advantages of both CNNs and Transformer. Zhu et al. [31] 
referenced the mechanism of deformable convolutions to propose deformable detection transformer, 
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combining the sparse spatial sampling of deformable convolutions with the relational modeling 
capabilities of Transformer. 

However, traditional Transformer-based methods face challenges such as high computational 
complexity and inefficiency when applied to visual tasks. To handle this challenge, Liu et al. [32] 
proposed the Swin Transformer, which introduces a hierarchical model and a sliding window 
mechanism, achieving a balance between performance and efficiency. This method has been 
extensively applied in image classification, object detection, and related tasks. Subsequently, many 
variants of Swin have emerged. Hassani et al. [19] fixed self-attention to the nearest neighboring pixels, 
proposing a simple and flexible explicit sliding window attention mechanism called neighborhood 
attention. Xia et al. [33] incorporated a deformable attention mechanism into the Swin transformer 
model, proposing the deformable attention transformer (DAT), which enhances the flexibility and 
efficiency of the attention patterns while improving the ability to model long-range relationships. 
Zhang et al. [34] introduced a innovative quadrilateral attention module that extends window-based 
attention to quadrilateral shapes. This design allows the network to represent targets of various 
shapes and orientations while capturing rich contextual information. 

Currently, Transformer-based methods are widely adopted in IAA tasks. Lan et al. [13] extract 
both emotional and aesthetic features from images and Transformer to explore the relationship 
between aesthetics and emotion. Ke et al. [12] propose a two-stream IAA model that combines 
Transformer and CNN features, effectively integrating the strengths of both models to achieve 
improved performance. He et al. [11] introduce a deformable mechanism to balance foreground and 
background features. However, these methods generally lack explicit guidance from image 
composition principles. 

2.3. Graph Neural Network 

Currently, an increasing number of studies focus on processing graph-structured data, such as 
relational information between locations, personal user information for recommendation algorithms, 
and molecular modeling in chemistry and pharmacology. Research on graph-structured neural 
networks is also on the rise, leading to the emergence of Graph Neural Networks (GNN) [35]. The 
GNN-based methods can be broadly classified into two categories: the first category is spatial-based 
methods, with early forms proposed by Micheli et al. [36]. The second category is spectral-based 
methods, first introduced by Bruna et al. [37]. Researchers have modeled images as graph structures 
by dividing them into patches [9] or extracting regional features [7], enabling the application of GNN 
to process image. In recent years, the GNN has gained popularity among computer vision researchers 
because it can effectively handle irregular information and non-Euclidean data. Hao et al. [38] utilized 
GNN to extract and integrate 3D information from CT slices to differentiate cases of parapneumonic 
effusion. Zheng et al. [39] proposed an efficient point cloud analysis framework called PointViG, 
which leveraged the powerful capabilities of GNN to handle complex datasets, thereby ensuring high 
performance while controlling computational costs. 

In recent studies, the GNN has been applied to IAA tasks due to its excellent global modeling 
capabilities. Ghosal et al. [9] modeled input images as graph structures, preserving their original 
aspect ratio and resolution, thereby utilizing GNN to extract aesthetic information related to aspect 
ratio and layout for scoring. Liu et al. [7] employed fully convolutional networks (FCN) to map local 
regions of the input image to different 3D features, representing the image as a graph composed of 
regions, then they used graph convolution operations to capture the aesthetic features of the image. 
She  et al. [8] proposed a hierarchical layout-aware graph convolutional network, utilizing two GCN 
modules. The first module constructs an aesthetically relevant graph structure in the coordinate space 
and performs inference on spatial nodes, while the second module aggregates salient features for 
graph inference. The final aesthetic features are obtained by combining the outputs of both modules. 
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3. Method 

In this section, a detailed introduction to our IAA model is provided. First, we introduce the 
GNN-based deformable attention module (GAT). Then, we describe the overall architecture of our 
model and the improvements designed to enhance its performance. 

3.1. GAT Module 

Figure 2 illustrates the internal architecture of the GAT module. After the image features pass 
through the interest points generation module and offsets generation module, the interest points and 
offsets are obtained, and their superposition yields the final coordinates. Bilinear interpolation is then 
applied to extract sampling features. Finally, multi-head attention processes sampling features and 
produce the output features. Next, we explain the principles of each module in detail. 

 

Figure 2. The internal structure of the GAT block presents the developed deformable attention mechanism. It 
consists of several key components, such as the interest point generation module, offset generation module, and 
offset guidance module. 

3.1.1. Interest Points Generation 

We employ a GNN-based module to generate the initial interest point coordinates. The input 
features 𝑋  of each GAT module have size 𝑋 ∈ ℝுൈௐൈଷ . To conform to the processing method of 
GNN, we first construct a feature matrix. After dividing the image into 𝑁 patches, each image patch 
is transformed into a feature vector 𝐱௜ ∈ ℝுൈௐൈଷ, 𝑖 ൌ 1,2, … ,𝑁 . We treat these feature vectors as 
nodes, resulting in a node set 𝑉 ൌ ሼ𝑣ଵ, 𝑣ଶ, … , 𝑣ேሽ . Next, we use a Dilated K-Nearest Neighbors 
algorithm [40] to find the 𝐾 nearest neighbors 𝑉ᇱሺ𝑣௜ሻ, for each node 𝑣௜, establishing a directed edge 𝑒௜௝  for each 𝑣௝ ∈ 𝑉ᇱሺ𝑣௜ሻ . This yields a graph-structured representation of the feature data 𝐺ሺ𝑋ሻ ൌሺ𝑉,𝐸ሻ, where 𝑉 is the set of nodes and 𝐸 is the set of edges. Finally, we input this graph structure 
into the GNN module 𝜃୮୭୧୬୲. This module includes a custom dynamic graph convolutional layer and 
a fully connected layer that maps features to coordinates, outputting the initial interest point 
coordinates. To ensure numerical stability and facilitate uniform processing with the subsequently 
generated offsets, the coordinates are normalized to the range ሾ−1,൅1ሿ using the tanh function. This 
process can be expressed as follows:  ൫𝑃௫,𝑃௬൯ ൌ tanh ቀθPoint൫𝐺ሺ𝑋ሻ൯ቁ (1)

3.1.2. Interest Offsets Generation 

The input features 𝑋 undergo a linear transformation via the matrix 𝑊௤  to obtain the query 
token 𝑞 . Then, 𝑞  is input into the interest point offset module 𝜃୭୤୤ୱୣ୲  to obtain the offset value ൫𝑂௫,𝑂௬൯. Our constructed offset generation network consists of two convolutional layers. The first 
layer extracts basic features related to the offsets. After activation and normalization, these features 
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are passed to the second layer, which refines them and adjusts dimensions to produce the offset 
coordinates. 

In traditional tasks, such as super-resolution [41] and object detection [25], the interest points of 
the deformable attention typically focus only on salient regions. However, this method may overlook 
the overall layout features of the image. Therefore, we add a guiding module 𝐺𝑢𝑖𝑑𝑒 to fine-tune the 
offsets in accordance with aesthetic properties. Specifically, we calculate whether the interest points 
and offset values lie within the same quadrant. If they do not, we multiply the offset values by a 
coefficient 𝜂 ∈ (0,1) to reduce the magnitude of the offsets. This restriction helps prevent the interest 
points from clustering solely in the salient regions of the image, allowing for the extraction of the 
overall aesthetic feature information. The entire interest point generation process can be expressed as 
follows: ൫𝑂௫,𝑂௬൯ = Guide ൬θoffset ቀ𝑊௤(𝑋)ቁ൰ (2)

3.1.3. Feature Extraction 

After obtaining the interest points ൫𝑃௫,𝑃௬൯ and the offsets ൫𝑂௫,𝑂௬൯, as shown in Figure 2, we 
add the offsets to the interest points to obtain the new coordinates ൫𝑃௫ᇱ,𝑃௬ᇱ൯ , which represent the 
coordinates of the sampling points. We then use bilinear interpolation sampling to obtain the feature 𝑋ᇱ. The feature 𝑋ᇱ is processed through matrices 𝑊௞ and 𝑊௩ to get the deformed query token 𝑘and 
value token 𝑣. Next, we use a multi-head attention mechanism to aggregate the features. Here, we 
add relative position bias offsets to enhance the attention. 

Existing studies have shown that introducing positional encoding into the computation of the 
attention mechanism can significantly improve model performance. For example, the Conditional 
Position encoding Vision Transformer (CPVT) proposed in reference [42] dynamically generates 
positional encodings to enhance the Transformer’s effectiveness. Since the deformable attention 
method computes coordinate information through queries before the multi-head attention operation, 
we can directly use this positional information to enhance the attention without additional 
computation. The operation on the 𝑛-th attention head in multi-head attention can be expressed as 
follows:  

Outputn = Softmax൭𝑞௡𝑘௡ୃ√𝑑 + 𝜙൫𝐵෠ ;𝑅൯൱𝑣௡ (3)

Specifically, we construct a relative position bias table 𝐵෠of size (2𝐻 − 1) × (2𝑊 − 1). We then 
obtain the relative displacement 𝑅 = 𝑃ᇱ − 𝑃  based on the previously calculated interest points 𝑃 
and the adjusted interest points 𝑃ᇱ. Based on this displacement coordinate, we sample using bilinear 
interpolation in 𝐵෠  , denoted as 𝜙(𝐵෠ ;𝑅) . After the computation, this is added to the multi-head 
attention operation to enhance the features. After these processes, we obtain the output features of 
the GAT module. 

3.2. Method Architecture 

3.2.1. Architecture of Each Transformer Block 

The preprocessing and postprocessing architecture of each attention block is consistent, as 
shown in Figure 3. The input features first pass through a Local Perception Unit (LPU) [43], which is 
a module based on Depth-wise Convolution (DWConv). A residual connection is used to process the 
features before and after, capturing both global and local information. This process can be expressed 
as follows: 

This is example 1 of an equation: 

LPU(𝑋) = DWConv(𝑋) + 𝑋 (4)
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Next, the features are processed by the attention module, which similarly aggregates features 
using a residual structure. Before being input into the next Transformer block, the features pass 
through a multi-layer perceptron (MLP). Unlike the typical MLP, we also add a DWConv residual 
structure before the activation layer to further enhance local feature modeling. This output is then 
fused with the output of the attention module, improving the capability to represent overall 
compositional features. 

 
Figure 3. This figure shows the detailed architecture of each Transformer block in the GAT. Each attention block 
is processed in the same way. 

3.2.2. Neighborhood Attention 

Before inputting the features into the deformable attention block, we first perform basic feature 
extraction using a standard attention block. This method preliminarily extracts local features, 
providing effective feature representations for the deformable attention operation, which 
significantly improves computational efficiency without sacrificing performance. Additionally, from 
an aesthetic standpoint, early features may struggle to distinguish the structural layout between the 
foreground and background, making it challenging for deformable attention to shift features to the 
desired locations. 

Current research includes some methods that use local attention for feature extraction [11] and 
others that employ sliding window attention [44]. However, for aesthetic evaluation tasks, these 
methods fail to effectively capture features related to aesthetic attributes, as they do not account for 
the interconnections between different parts of the image and inadequately focus on corner features, 
which results in the loss of structural information. Given these limitations, we utilize neighborhood 
attention [19] for feature extraction, which is a simple and flexible improvement over sliding window 
attention. The attention range for each pixel is localized to its nearest neighborhood. As 
computational costs increase, it gradually approaches self-attention while still allowing the receptive 
field to expand. Different from blocked and window self-attention, neighborhood attention can 
maintain translational equivariance and attend to corner features. In the experiments in the next 
section, we demonstrate the effectiveness of this module. 

3.2.3. Overall Architecture 

The overall architecture of the model is illustrated in Figure 4. The input image is first divided 
into patches and embedded into a sequence of patch tokens. These tokens are then processed through 
four hierarchical stages of feature extraction. Each stage consists of stacked attention modules tailored 
for aesthetic feature modeling. Between stages, convolutional down-sampling layers reduce spatial 
resolution while increasing semantic richness. The final feature representation is aggregated via 
global average pooling and passed through a regression head to predict the aesthetic score of the 
image. 
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Figure 4. Overview of the GAT model. 𝑁ଵ to 𝑁ସ  indicate the number of times the module combination is 
repeated in each stage. 

4. Experiments 

4.1. Dataset and Evaluation Metrics 

To validate our method, we conduct experiments on two IAA datasets: AVA [15], and TAD66K 
[45]. 

AVA: Currently the largest publicly available aesthetic dataset, it contains approximately 
255,000 images sourced from the DPChallenge website, covering over 60 categories of semantic labels 
and photography style-related tags. Each image is rated by an average of 210 users, with scores 
ranging from 1 to 10. 

TAD66K: This is a theme-oriented aesthetic dataset containing 66,000 carefully selected images, 
covering 47 popular themes. It features extensive annotations, with each image having at least 1,200 
valid labels. Each image is given an aesthetic score ranging from 1 to 10. 

These datasets mentioned above are divided into training set, testing set, and validation set with 
a ratio of 90:5:5. The initial learning rate during training is set to 1e-5, optimized using the Adam 
optimizer. Since AVA provides score distributions, we use the Earth Mover's Distance (EMD) loss for 
training on this dataset to predict score distributions. The TAD66K dataset provides real-valued 
scores, so we use Mean Squared Error (MSE) as the loss for training. To ensure the generalization 
ability of our method, we pre-trained the model on ImageNet-1K dataset [46]. 

The effectiveness of the proposed method is evaluated using three widely adopted metrics in 
image aesthetics assessment: Accuracy (ACC), Pearson Correlation Coefficient (PLCC), and 
Spearman's Rank Correlation Coefficient (SRCC) [47] 

For the accuracy, a binary classification strategy is employed by setting the midpoint of the score 
range as the threshold: samples with scores above the midpoint are categorized as high quality, while 
those below are considered low quality. The accuracy is calculated as ACC = ே೎ேೌ, where 𝑁௖ is the 

number of correctly predicted samples and 𝑁௔ is the total number of samples. The SRCC measures 
the monotonicity of the predictions, while the PLCC assesses the precision of the predicted scores. 
Additionally, we compare the mean squared error (MSE) of the models on the AVA dataset, as this 
metric is reported in several existing works. 

Table 1. Comparison of Experimental Results and Evaluation Metrics on the AVA Dataset. 

Method Year ACC↑ PLCC↑ SRCC↑ EMD1↓ EMD2↓ MSE↓ 
A-Lamp[52] 2017 82.5% 0.671 0.666 - - - 
NIMA[58] 2018 81.5% 0.636 0.612 0.050 - - 
AFDC[53] 2020 83.2% 0.671 0.649 0.00447 - 0.270 

HLAGCN[8] 2021 84.1% 0.678 0.656 0.045 0.065 0.264 
MUSIQ[48] 2021 81.5% 0.738 0.726 - - 0.242 
SA-IAA[23] 2022 - - 0.740 - - - 

GATP[9] 2022 76.4% 0.762 - - - - 
[54] 2022 - 0.707 0.685 - - - 

Maxvit[49] 2022 80.8% 0.733 0.732 0.0439 - 0.263 
EAT[11] 2023 81.7% 0.770 0.759 - - - 

Tavar[55] 2023 85.1% 0.736 0.725 - - - 
SPTF-CNN[12] 2023 84.5% 0.709 0.687 0.043 0.064 0.264 

DAT++[50] 2023 81.8% 0.742 0.733 - 0.074 - 
CADAS[51] 2024 85.0% 0.702 0.687 0.042 0.061 - 
UNIAA[10] 2024 - 0.704 0.713 - - - 

Ours - 82.3% 0.750 0.741 0.042 0.072 0.243 
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4.2. Experimental Results 

Table 1 presents our experimental results on AVA dataset, comparing our method with several 
classic methods, including those using Transformers for IAA [11,12,48–51] and those considering 
layout factors with graph convolution for IAA [8,9,12,23,52–55]. As the experimental results show, 
our method achieves overall performance. Specifically, our approach achieves the best EMD1. 
Furthermore, it attains a high PLCC and SRCC, which are among the top results. In terms of MSE, 
our method reaches 0.243, which is extremely close to the best value. Our method achieves a more 
balanced overall performance. For example, although we did not achieve higher results than [11] in 
PLCC and SRCC, our accuracy exceeds that model. This improvement can be attributed to the 
advantages of the attention mechanism, as well as the integration of image composition information 
into the model via the GNN. Specifically, the GNN guides the generation of initial reference points, 
shifting the attention regions toward areas that better align with aesthetic composition, thereby 
improving the accuracy of the IAA task and overall performance. In Figure 5, we illustrate the scoring 
outcomes of our model, which effectively simulates human aesthetic preferences by outputting scores 
close to the ground truth (GT) based on image features and composition. The Transformer 
architecture shares structural similarities with GNN, as both enhance feature extraction by modeling 
relationships between elements. Our proposed Transformer, integrated with GNN, further 
strengthens this capability, leading to improved performance. 

Table 2. Comparison of Experimental Results and Evaluation Metrics on the TAD66K Dataset. 

Method ACC↑ PLCC↑ SRCC↑ 
A-Lamp[48] - 0.422 0.411 
MUSIQ[51] - 0.517 0.489 
Maxvit[53] - 0.513 0.484 
DAT++[55] 67.5% 0.514 0.486 

AesMamba[57] 72.0% 0.511 0.483 
[25] 65.0% 0.475 0.452 

Ours 68.7% 0.521 0.490 
 

 
Figure 5. Comparison of model prediction scores and GT. 

In This improvement can be attributed to the advantages of the attention mechanism, as well as 
the integration of image composition information into the model via the GNN. Specifically, the GNN 
guides the generation of initial reference points, shifting the attention regions toward areas that better 
align with aesthetic composition, thereby improving the accuracy of the IAA task and overall 
performance. In Figure 5, we illustrate the scoring outcomes of our model, which effectively simulates 
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Figure 5. Comparison of model prediction scores and GT. 

we further compare our method's performance on the TAD66K dataset. Unlike traditional 
aesthetic datasets, TAD66K provides more granular scores by performing classification and scoring 
based on different themes, which poses greater challenges to existing IAA methods [45]. The results 
demonstrate that our method performs well on this dataset. Specifically, our method achieves 
second-best accuracy alongside high PLCC and SRCC and outperforms both the traditional layout-
based method [52] and Transformer-based models [48,49]. Moreover, compared with recent methods 
such as Mamba [56], our model still maintains a better performance. This can be attributed to the fact 
that the TAD66K dataset provides aesthetic scores across multiple categories without a unified 
standard. The incorporation of composition information enhances the feature expressiveness, 
allowing the model to more effectively perceive the aesthetic characteristics of the images. 
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Figure 6. Original input images and corresponding GradCAM maps at different training epochs. 

We further employ GradCAM [57] to visualize the model's learning process during training. As 
shown in Figure 6, the regions of interest gradually become more aligned with aesthetic properties 
as the number of training epochs increases. We observe that, in the early stages of training, the model 
primarily attends to image boundaries and corners. As training progresses, attention shifts to more 
aesthetic meaningful regions, which may possibly due to suboptimal initialization from the pre-
trained weights. Through observation, we found that in early training stages, interest points were 
mainly concentrated on image boundaries and corners. As training progressed, they gradually shift 
to more compositionally meaningful regions, likely due to the influence of pre-trained weights. 

We also utilize the style labels from the AVA dataset to classify and analyze the scoring results 
of the GAT method. A stricter evaluation criterion is applied: if the difference between the model-
predicted score and the GT is less than a threshold of 0.5, the score is considered reliable. 

The analysis results are shown in Figure 7. It can be observed that our method performs well in 
composition and composition-related styles. For instance, the reliability rate for the Rule of Thirds 
label achieves 85.34%, while the Shallow DOF label achieves 83.28%. Other labels similarly attain 
reliability rates around 80%. However, the Soft Focus label exhibit a lower reliability rate of only 
70.95%. We speculate that this is due to the lack of clear edges in Soft Focus images, which causes 
inaccuracies in locating offset points and consequently reduces scoring accuracy. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 27 February 2026 doi:10.20944/preprints202602.1595.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202602.1595.v1
http://creativecommons.org/licenses/by/4.0/


 12 of 18 

 

 
Figure 7. Histogram results of the style analysis, a threshold of 0.5 was applied. 

For consumer electronic devices, efficiency is crucial. Inference efficiency affects user experience, 
while training efficiency impacts iteration speed and development difficulty. Our method is 
significantly more efficient than existing transformer-based approaches. To validate this, we train 
10,000 images using three transformer variants under identical conditions. The dataset is split into 
training, test, and validation sets (90:5:5), and each model is trained for 10 epochs. The results are 
presented in Figure 8. It is evident that our method requires significantly less training time compared 
to Swin attention, and also improves upon local attention in terms of efficiency. While Swin attention 
achieves higher performance than local attention, it incurs a substantially greater time cost. Our 
method not only reduces training time relative to local attention but also surpasses Swin attention in 
overall performance. This will be further demonstrated in the subsequent experiments. We also 
evaluate inference speed by averaging the inference time over 500 images. The average inference time 
per image is 64.51 ms for Swin attention, 50.40 ms for local attention and 44.35 ms for our method. As 
the result shows, our method achieves faster inference. This improvement benefits from the 
neighborhood attention mechanism, which simplifies computation while maintaining strong 
performance. 

 
Figure 8. Training time per epoch comparison among three methods. Our proposed method consistently 
demonstrates better computational efficiency. 

4.3. Ablation Study 
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To investigate the effect of the proposed modules and demonstrate the effectiveness of our 
method, we conducted ablation studies on the TAD66K dataset to analyze the contributions of 
different components. 

4.3.1. Neighborhood Attention 

We replace the neighborhood attention module in our model with local attention and Swin 
attention, and the comparison results are present in Table 3. As shown, both Swin attention and 
neighborhood attention improve performance, with the latter yielding a more significant 
improvement. This demonstrates the effectiveness of neighborhood attention in feature extraction. 

Table 3. Ablation Study on Different Transformer Blocks. 

Block Type ACC↑ PLCC↑ SRCC↑ 
local attention 67.0% 0.503 0.474 
Swin attention 67.3% 0.510 0.482 

neighborhood attention 68.7% 0.521 0.490 

4.3.2. LPU and DWConv MLP 

We conduct four groups of comparative experiments: using only the LPU, using only the 
DWConv MLP, using neither of the two modules, and using both. When the DWConv MLP is not 
used, it is replaced by a standard MLP, which is widely adopted in current Transformer models [11]. 
And LPU is directly removed without substitution. 

As shown in Table 4, removing either the LPU or the DWConv MLP result in varying degrees 
of performance degradation, demonstrating the effectiveness of both modules. 

Table 4. Ablation Study on the Effectiveness of Two Modules. 

LPU DWConv MLP ACC↑ PLCC↑ SRCC↑ 
✓ - 64.9% 0.417 0.393 
- ✓ 61.2% 0.467 0.441 
- - 60.5% 0.376 0.354 
✓ ✓ 68.7% 0.521 0.490 

4.3.3. GAT Block 

For GAT blocks, we compare our proposed GNN-based interest points generation method with 
two alternative methods: convolution-based generation and uniform sampling. The results are 
presented in Table 5. 

As the results show, the proposed GNN module outperform both the convolution-based and 
uniform generation methods. This demonstrates that our graph convolutional module effectively 
incorporates layout features into the generation process, leading to improved performance. 
Furthermore, from the results we observe that the convolution-based method performs better than 
uniform sampling, indicating that leveraging feature information to guide the localization of interest 
points is beneficial for the IAA task. 

Table 5. Ablation Study on Different Interest Points Generation Methods. 

Generator ACC↑ PLCC↑ SRCC↑ 
Conv 67.7% 0.517 0.488 

Uniform 67.5% 0.512 0.482 
GNN 68.7% 0.521 0.490 

Furthermore, the visualization study in Figure 6 reveals that, the deformable attention 
mechanism tends to produce a consistent distribution of initial interest points across different inputs. 
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In different scenarios, these initial points form a general layout pattern that best fits the scenarios. 
Regardless of the input image, the spatial structure of the generated interest points remains largely 
similar. The final sampling locations are then obtained by applying learned offsets to these initial 
points. 

The GNN exhibits strong layout-awareness and has capability of modeling the relationships 
among different regions of an image during training. These properties provide an advantage for tasks 
involving composition. As a result, the proposed interest points generation module achieves 
competitive performance. 

 

Figure 9. Schematic of multi-attribute aesthetic scoring results. 

4.3.4. GAT Block 

We further utilize the proposed GAT to design a multi-attribute aesthetic scoring tool, which 
assists users in electronic photography by providing multi-attribute aesthetic scores. By modifying 
the output layer in GAT, we enable it to predict both overall aesthetic scores and individual attribute 
scores, based on the annotations on the datasets. The model is trained using Mean Squared Error 
(MSE) loss for the multi-attribute output and aesthetic score output. After training, the model was 
integrated into the application. As illustrated in the Figure 9, the users select an image for evaluation. 
The tool then performs IAA scoring and provides both the overall aesthetic score and multi-attribute 
aesthetic scores. These attributes encompass various aspects of photography, including color, 
composition, and photographic techniques. This tool can be applied in various scenarios. As 
illustrated in the Figure 10. Application scenarios of IAA in different scenarios. it can be used for 
horizontal comparisons to evaluate the strengths and weaknesses of different photos within a task, 
helping to optimize the output. It can also support vertical comparisons to identify suitable 
photographic subjects and develop appropriate shooting plans. By referring to the corresponding 
attribute scores, users can refine their photographic techniques, enhance image quality, and 
ultimately produce works that align with their creative intentions. 
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Figure 10. Application scenarios of IAA in different scenarios. 

5. Conclusions 

In this paper, we propose a GNN-guided deformable attention model for image aesthetic 
assessment. Specifically, we propose an improved deformable attention module. This module 
leverages a GNN to integrate compositional information and guides the interest points in deformable 
attention toward regions that better align with compositional intent, thereby enabling the extracted 
features to conform more closely to aesthetic principles. Based on this module, we further design an 
aesthetic scoring model, which achieves promising performance on several aesthetic benchmarks. In 
addition, we develop a multi-attribute aesthetic scoring application using this method, which can be 
leveraged to assist users in enhancing their photography. Our model can be integrated into consumer 
electronics to assist users in enhancing their photography or in filtering images more effectively. 
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Abbreviations 

The following abbreviations are used in this manuscript: 
MDPI Multidisciplinary Digital Publishing Institute 
DOAJ Directory of open access journals 
IAA Image Aesthetic Assessment 
GNN Graph Neural Network 
CNN Convolutional Neural Network 
ViT Vision Transformer 
DAT Deformable Attention Transformer 
GAT GNN-based Deformable Attention Module 
ACC Accuracy 
PLCC Pearson Linear Correlation Coefficient 
SRCC Spearman's Rank Correlation Coefficient 
GT Ground Truth 
MSE 
DWConv 
GradCAM 

Mean Squared Error 
Depth-wise Convolution 
Gradient-weighted Class Activation Mapping 
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