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Abstract. Image aesthetic attribute assessment provides explainable
outputs for Image Aesthetic Quality Assessment (IAQA), evaluating at-
tributes such as rule of thirds, symmetry, and lighting. These attributes
are context-dependent, as their importance varies across different pho-
tography scenes. However, most attribute-based IAQA methods remain
scene-agnostic, limiting their ability to model scene–attribute dependen-
cies. We propose a scene-aware IAQA model based on a vision transformer
that extracts multi-level features and integrates learned scene embeddings
within a two-tower module to capture both general and scene-specific
patterns, with adaptive gating for context-aware fusion. Experimental
results show improved correlation for both overall score and attribute
prediction, outperforming state-of-the-art attribute-based IAQA methods.

Keywords: Image Aesthetic, Image Aesthetic Quality Assessment, Scene-
Aware Aesthetic Attributes

1 Introduction

Image Aesthetic Quality Assessment (IAQA) aims to predict human perception
of image aesthetics. Due to the subjective nature of aesthetics, deep learning
methods are widely adopted. The IAQA typically involves four tasks: scoring,
distribution, attribute, and description. Scoring estimates aesthetic via classifica-
tion or regression, while distribution models user preference variability. Attribute
evaluation focuses on visual factors, such as color, lighting, and composition.
Description generation explains aesthetic appeal using image content or user
feedback. Most existing approaches focus on aesthetic scoring, with only a few
addressing attribute assessment jointly [3]. Moreover, aesthetic attributes are
scene-dependent; for instance, depth of field is important in nature photography,
while it is less significant in urban or architectural scenes [4]. Existing approaches
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often ignore scene categories, limiting their ability to model attribute–score
relationships and reducing prediction accuracy. We hypothesize that scene infor-
mation improves IAQA through adaptive modeling. However, the widely used
Aesthetic Visual Analysis Dataset (AADB) [12] lacks scene annotations. We
therefore extend AADB with scene labels using the Composition Assessment
Database (CADB) [26], a subset of AADB annotated with attributes and scene
categories. Scene labels are transferred for overlapping images and predicted for
the rest, resulting in a scene-annotated AADB for training a scene-aware IAQA
model. The main contributions are as follows:

– An annotated scene AADB dataset is constructed by transferring scene labels
from CADB and predicting missing annotations using a ResNet-18 classifier.

– A scene-aware IAQA approach is proposed that leverages scene information to
adapt attribute importance across content types.

2 Related Work

Traditional attribute-based IAQA relied on handcrafted features [10, 20], which
poorly capture high-level semantics. Deep learning methods address these limita-
tions by modeling multi-level features. Moreover, aesthetic attributes and overall
score are influenced by visual context. For example, the scenes Architecture
and Cityscape cluster closely based on mutual information, indicating similar
relationships between attributes and overall score [4]. Existing IAQA methods
follow two paradigms: attribute-based approaches and scoring-based approaches
using datasets such as AVA [22]. In this work, we focus on attribute-based IAQA.
Early work introduced the AADB dataset and joint attribute–score modeling [12].
Subsequent methods explored attribute-based IAQA using the AADB [2, 6, 14,
24, 19, 17]. Other methods combine attributes with theme features using external
datasets [15, 7]. Several methods predict overall score using attributes [23, 25, 1,
9, 8, 18, 5, 13], while multi-modal approaches incorporate textual guidance [16,
11]. Despite these advances, most methods remain scene-agnostic due to lack of
annotations, rely on external datasets that introduce bias, or focus on only a
subset of attributes or the overall score. In contrast, we propose a scene-aware
IAQA framework that integrates attributes and scene categories in a unified
dataset to improve both score and attribute prediction.

3 Proposed Approach

Image aesthetic quality assessment depends on low-level features, global compo-
sition, spatial relationships, and semantic context. As shown in Fig. 1, the model
has three stages motivated by the hierarchical nature of aesthetic perception: (i)
multi-level feature extraction, (ii) a scene-aware two-tower prediction module
that captures both general and scene-specialized aesthetic patterns, and (iii) a
fusion gate that adaptively combines the predictions from the two towers.
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3.1 Multi-level Feature Extraction

We adopt a ViT backbone as the main feature extractor and extract intermediate
representations from multiple transformer blocks to capture hierarchical visual
information. We tap three blocks with indices b1 = 2, b2 = ⌊L/2⌋, and b3 = L− 1
using zero-based indexing, where L is the total number of blocks. Let Zbi ∈
RB×(N+1)×D denote the output token sequence of block bi, where B, N , and D
denote batch size, patch count, and feature dimension. The CLS token is denoted
by zCLS

bi
∈ RB×D and the j-th patch token is denoted by zpatchbi,j

∈ RB×D. A
pooled feature vector pbi ∈ RB×2D is obtained by concatenating the CLS token
with the mean pooled patch tokens as follows:

pbi =
[ 1

N

N∑
j=1

zpatchbi,j
; zCLS

bi

]
∈ RB×2D. (1)

The multi-level visual representation is then formed by concatenating pooled
features from all selected blocks:

h =
[
pb1 ;pb2 ;pb3

]
∈ RB×6D. (2)

3.2 Scene-Aware Two-Tower Prediction

To incorporate high-level scene semantics, each image is assigned a scene label
c ∈ {0, . . . , 9}. We map c to a learnable scene embedding sc ∈ Rds , with ds = 128.
For a batch, this produces S ∈ RB×ds . The final representation is obtained by
concatenating visual features with the scene embedding:

h̃ =
[
h; sc

]
∈ RB×(6D+ds). (3)

Since aesthetic perception varies across scene categories, a two-tower module
Column A and Column B is designed to capture both general and scene-specialized
aesthetic patterns. For each image, the scene label retrieves a learned embedding,
concatenated with pooled ViT features and used to condition the module via
scene-aware gating Agate and Fgate for adaptive expert selection and fusion.

Specialized Experts: Column A consists of three expert heads: one generic
and two scene-specialized experts for scene categories 3 (Human) and 9 (Static),
selected based on attribute relationship clustering [4]. We focus on the two scenes
with the strongest attribute–score divergence to avoid over-parameterization
and data sparsity. Each expert operates on the scene-conditioned representation
h̃. A scene-aware gating network Agate, implemented as a two-layer multilayer
perceptron, maps the scene embedding sc to logits, which are normalized via
softmax to obtain weights wA. To regulate the participation of scene-specialized
experts, a hard routing mechanism is applied. For samples with scene label
c /∈ {3, 9}, the corresponding experts are deactivated by zeroing their gating
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weights, followed by renormalization. The raw predictions from Column A are
computed as weighted combinations of the expert outputs:

ŷAraw = wA
g ŷ

A
g + wA

3 ŷ
A
3 + wA

9 ŷ
A
9 , (4)

âAraw = wA
g â

A
g + wA

3 â
A
3 + wA

9 â
A
9 . (5)

For scenes 3 and 9, the corresponding scene-specialized expert is allowed to
contribute through the gating mechanism. For other scenes, these experts are
suppressed via the gating mask, resulting in zero contribution and routing the
prediction through the generic expert. The final output of Column A is an overall
score and a full set of attribute predictions.

General Predictor: Column B provides a general prediction branch that
estimates aesthetic score and attributes using a multilayer perceptron fB(h̃).
This branch is trained on all scene categories and serves as a robust alternative
when scene labels are noisy or scene-specialized experts in Column A are unreliable.
The outputs are passed through a configuration-dependent activation function,
while dimension-wise activations are applied to attribute predictions according
to the annotation scale.

3.3 Fusion Gate

The predictions from Columns A and B are adaptively combined using a second
scene-aware gating module Fgate(·). The fusion gate Fgate maps sc to fusion
weights wF = [wF

A , w
F
B ] via softmax. The final fused predictions are computed as

weighted combinations of the column outputs:

ŷfuse = wF
A ŷ

A + wF
B ŷ

B , (6)

âfuse = wF
A â

A + wF
B â

B . (7)

The scene-aware model is illustrated in Figure 1. The ViT backbone is tapped in
the early, middle, and late blocks. From each tap, the mean of tokens is pooled
and concatenated. A learned scene embedding is appended and fed to two gates:
Agate from Column A, which includes one generic expert and two scene-specialized
experts, and Fgate, which fuses Column A with general Column B. The outputs
are an overall aesthetic score and 11 aesthetic attributes.

4 Experiments and Analysis

4.1 Dataset

We use AADB [12] and CADB [26]. The AADB dataset contains approximately
10,000 images and is well-suited for attribute-based IAQA, providing an overall
score and 11 attributes. However, it lacks scene labels; therefore, scene annotations
are incorporated from the CADB dataset. The CADB contains 9,497 from

ICCS Camera Ready Version 2026
To cite this paper please use the final published version:

DOI: 10.1007/978-3-032-29909-3_44

https://dx.doi.org/10.1007/978-3-032-29909-3_44
https://dx.doi.org/10.1007/978-3-032-29909-3_44


Scene-Aware IAQA 5

Image

Transformer

Transformer blocks

Block #L-1

Mean⊕CLS

Concate
(h_taps)

pb1 pb2 pb3

b1 b2 b3

M
u

lt
i-

le
ve

l F
ea

tu
re

 E
xt

ra
ct

io
n

L

Concate
(h_taps, scene_emb)

Scene ID 
Embedding

Scene3

Scene9

Generic

All-scenes

Column A Column B

F-gate

Aesthetic Score+11 Attributes Predictions

A-gate

Sc

Tw
o

 t
o

w
er

 P
re

d
ic

ti
o

n
 M

o
d

u
le

Fu
si

o
n

 G
at

e

Block #2 Block #L/2

Mean⊕CLS Mean⊕CLS

Fig. 1. Scene-aware IAQA architecture. Multi-level ViT features and scene embeddings
are processed by a two-tower module and fused to predict overall score and 11 attributes.

AADB dataset. Importantly, CADB provides both attributes and scene category
annotations, making it suitable for our task. Scene categories are divided into ten
classes including animal, architecture, cityscape, human, indoor, landscape, night,
other, plant, and static. To assign scene labels to AADB, overlapping images with
CADB were matched and their annotations transferred, covering most samples.
The remaining 461 images were labeled using a ResNet-18 classifier trained on
CADB, which was split into 85.8% training, 9.5% validation, and 4.6% test sets,
achieving 77.66% validation accuracy.

4.2 Implementation Details

The model is implemented in PyTorch with a small DINOv2-initialized ViT
backbone [21]. The backbone comprises 12 transformer blocks, with features
extracted from blocks 2, 6, and 11 to capture multi-level representations; for each
block, the CLS token is concatenated with mean-pooled patch tokens. These
features are fused with a 128-dimensional scene embedding before being fed
to the prediction heads. Both Column A and Column B use SiLU activations,
while the gating modules (A-gate and F-gate) followed by softmax to produce
mixture weights. A sigmoid is used for score prediction, and attribute outputs are
activated according to their ranges (sigmoid for [0, 1], tanh for [−1, 1]). Images
are resized to 336× 336, square-padded, and augmented with random flips, affine
transforms, and color jitter. The model is trained for 25 epochs using AdamW
(batch size 4). Validation and testing use resizing, normalization, and test-time
horizontal flip.

4.3 Performance Evaluation

We compare the proposed model with state-of-the-art methods on AADB using
Spearman’s rank-order correlation coefficient (SRCC). As shown in Table 1, the
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Table 1. The SRCC comparison for aesthetic attributes and overall score on AADB
dataset. Columns include the backbone, Balancing Elements, Color Harmony, Interesting
Content (Content), Depth of Field (DoF), Lighting (Light), Motion Blur (Motion),
Object Emphasis (Object), Rule of Thirds (RoT), Vivid Color (Vivid), Repetition,
Symmetry, and the overall aesthetic score (Score).

Ref. Backbone Balancing Element Color Harmony Content DoF Light Motion Object RoT Vivid Repetition Symmetry Score

[12] AlexNet 0.220 0.471 0.508 0.479 0.443 – 0.602 0.225 0.648 – – 0.678
[19] ResNet50 0.186 0.475 0.584 0.495 0.399 – 0.666 0.178 0.681 – – 0.689
[6] EfficientNet-B4 0.331 0.517 0.599 0.677 0.515 – 0.677 0.273 0.706 – – 0.706
[2] ResNet-50 0.339 0.539 0.580 0.553 0.488 0.416 0.673 0.279 0.715 0.530 0.475 0.708
[14] ResNet-50 0.291 0.511 0.588 0.566 0.487 – 0.658 0.264 0.722 – – 0.737
[24] VGG16 0.267 0.484 0.593 0.497 0.445 0.109 0.639 0.235 0.669 0.355 0.177 0.707
Ours Vision Transformer 0.347 0.493 0.653 0.547 0.515 0.182 0.719 0.309 0.694 0.419 0.271 0.743 ± 0.03

Table 2. Ablation study of the proposed model (SRCC per attribute and overall score).

Model Towers Scene Embedding Hard Routing Balancing Element Color Harmony Content DoF Light Motion Object RoT Vivid Repetition Symmetry Score
Baseline 1 × × 0.223 0.434 0.578 0.514 0.460 0.186 0.643 0.237 0.599 0.422 0.200 0.683
Single Tower General 1 ✓ × 0.280 0.504 0.624 0.539 0.495 0.152 0.671 0.292 0.665 0.412 0.222 0.712
Full No-Hard-Routing 2 ✓ × 0.316 0.492 0.618 0.531 0.485 0.161 0.693 0.281 0.663 0.392 0.248 0.706
Full Model 2 ✓ ✓ 0.347 0.493 0.653 0.547 0.515 0.182 0.719 0.309 0.694 0.419 0.271 0.743

proposed model achieves the highest SRCC of 0.743 and the best results on
five attributes, including Balancing Element, Content, Light, Object, and Rule
of Thirds. These results highlight the effectiveness of scene-aware modeling for
both overall and attribute-level prediction. Per-attribute analysis shows greater
improvements for semantics and composition-related attributes (e.g., Interesting
Content, Object Emphasis, Balancing Elements, Rule of Thirds), while gains
are smaller for attributes such as Color Harmony, Depth of Field, and Vivid
Color, which rely more on low-level visual properties. The model also achieves a
Pearson Linear Correlation Coefficient (PLCC) of 0.748 on the test set. Although
PLCC was not reported in previous studies, our result further confirms a strong
correlation with ground-truth. Bootstrap resampling (10,000 iterations) yields
95% confidence intervals of [0.715, 0.776] for SRCC and [0.722, 0.775] for PLCC,
indicating stable performance with an uncertainty of approximately ±0.03.

4.4 Ablation Study

Four variants are evaluated: Baseline, Single Tower General, Full Model No-
Hard-Routing, and Full Model. The Baseline uses a single ViT tower without
scene information, while Single Tower General adds scene embeddings. Full model
No-Hard-Routing introduces a dual-tower with soft gating, and the Full Model
further incorporates scene-aware hard routing. Table 2 reports SRCC for all
attributes and the overall score. Results show scene information improves perfor-
mance, with Single Tower General increasing SRCC from 0.683 to 0.712. Scene
context particularly benefits attributes such as Balancing Elements, Color Har-
mony, Content, and RoT. The Full No-Hard-Routing model does not consistently
outperform the single-tower, as fully learned routing increases complexity and
can lead to unstable expert assignment. Full Model achieves the best performance
(SRCC = 0.743). Specialized experts focus on scene-relevant attributes, while
shared experts maintain generalization, improving predictions.
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5 Conclusions

In this paper, we propose a scene-aware IAQA model that integrates scene infor-
mation into attribute assessment. By extending AADB with scene annotations,
the model leverages multi-level ViT features, scene embeddings, and adaptive
gating to improve both attribute and overall score prediction. Experimental re-
sults show improved performance over state-of-the-art methods. Future work will
focus on improving interpretability through richer attribute–scene annotations
and developing dynamic scene–attribute modeling and visualization techniques.
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