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Abstract

Image aesthetic assessment has made substantial progress, yet most existing

approaches evaluate individual images independently and assume that scores

are comparable across broad visual domains. This assumption is less suitable

for art examination scenarios, where works are judged within the same propo-

sition, batch and assessment context, and where the key challenge is to recover

fine-grained relative quality differences among visually and semantically simi-

lar submissions. To address this problem, this paper constructs the Art Exam

Dataset, comprising 3360 works from 93 examination themes across sketch, quick
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sketch and colour painting. The dataset is organised by examination groups,

enabling the study of intra-group ranking under shared evaluation conditions.

Building on this setting, the paper proposes a group-conditioned assessment

framework that augments single-image aesthetic prediction with dual-path ref-

erence encoding. One path models the relationship between each work and

the group mean reference to capture context-aware deviations, while the other

emphasises residual-relative differences between individual samples and their

group context. An adaptive routing fusion module then combines the baseline

prediction with the context-aware and residual-relative correction candidates

through learned fusion weights. Experiments conducted under a group-disjoint

protocol show that the proposed framework outperforms representative image

aesthetic assessment baselines in terms of SRCC, PLCC and pairwise ranking

accuracy. Ablation studies further indicate that separating context-aware and

residual-relative correction paths, together with sample-specific routing, con-

tributes to improved ranking consistency. The work provides a dataset, task

formulation and methodological reference for intelligent assessment of art exam

works, while also highlighting the need for richer expert annotations and more

transparent evaluation protocols in future research.

Keywords: Image aesthetic assessment, Art exam, Group-conditional ranking,
Fine-grained assessment

1 Introduction

With the continuous advancement of image style transfer techniques [1–3] and the
rapid development of artificial intelligence-generated content (AIGC) [4], users can now
generate artistic images in diverse styles more conveniently [5, 6]. Related generated
works have also gained substantial attention and even won awards in art competi-
tions [7]. This trend has increased the demand for reliable quality assessment methods
for artistic images. Automated or semi-automated aesthetic assessment methods can
serve as auxiliary tools for manual assessment, and can be used for preliminary work
screening, intra-group quality ranking, and evaluation result analysis, thereby provid-
ing references for large-scale work management, teaching analysis, and training. Unlike
open-domain artistic images, art exam works usually have stronger task constraints
and clearer evaluation dimensions. For example, sketch, quick sketch, and color paint-
ing works are often created under the same theme, similar composition requirements,
or unified proposition, thus requiring models to identify fine-grained quality differences
under high semantic consistency.

At present, studies on the assessment of art exam works are still relatively lim-
ited. Some existing studies apply deep convolutional features to the classification and
evaluation of sketch works, treating sketch assessment as a fine-grained classification
problem with several levels, such as excellent, good, medium, and poor [8, 9]. These
methods divide the quality of works into a few coarse-grained levels and rely on lim-
ited supervised data. Wang et al. [10] proposed the large-scale sketch portrait dataset
SHPD and the evaluation network SPAAN, using degraded aesthetic operations and
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self-supervised learning to enable the model to perceive aesthetic features. These works
indicate that the assessment of specific types of artworks has begun to attract atten-
tion. However, in art exam scenarios, works are often assessed as groups under the
same theme, and the assessment of these works is usually not conducted indepen-
dently. Instead, it is formed through intra-group comparison under shared evaluation
conditions, resulting in a relative order. Therefore, several deficiencies remain in this
scenario. Existing IAA datasets rarely consider art exam-related works. In the AVA,
AADB, and BAID datasets [11–13], sketch and exam-related artworks are limited [10].
Traditional aesthetic datasets usually contain highly diverse visual content, and sam-
ples that can be compared under the same semantic condition are relatively limited.
Moreover, most evaluation processes assess single works independently, which ignores
the differentiated information within the same group and makes it difficult for models
to capture fine-grained differences among works under the same theme.

Fig. 1 Sample groups from the AED dataset. Each row corresponds to one art exam category, and
samples within the same row come from the same group with a shared exam context.

To address the insufficient data support for art-exam work assessment and the
limited adaptability of existing image aesthetic assessment methods to this scenario, we
first formulate art-exam work assessment as a group-conditioned aesthetic assessment
problem and construct the Art Exam Dataset (AED). AED contains 3,360 art-exam
works from 93 exam themes, covering three major categories: sketch, quick sketch,
and color painting. Unlike general aesthetic datasets that mainly support independent
image-level assessment, AED preserves the natural group structure of real art exams.
As shown in Fig. 1, works are organized by exam themes, and samples within the same
group share the same proposition, category, and shared assessment context.
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Based on this group-organized benchmark, we further define an evaluation and
training formulation for art-exam aesthetic assessment. Specifically, we adopt a group-
disjoint evaluation protocol, where works from the same exam theme are not split
into both the training and test sets. This protocol allows the evaluation to reflect
the model’s generalization ability to unseen propositions and assessment contexts. In
addition, because different exam themes involve different propositions, their absolute
scores are not assumed to be directly comparable across groups. Therefore, we use
group-normalized mid-rank targets to transform the intra-group score order into stable
supervision aligned with the intra-group ranking objective. These designs make AED
a consistent benchmark setting for future research on group-conditioned aesthetic
assessment.

This formulation further motivates a model design that assesses each work with
reference to its group context. Accordingly, we propose the Dual-path Reference
Encoder with Adaptive Routing Network (DPAR-Net) as an initial reference architec-
ture. Instead of treating each work as an isolated image, DPAR-Net uses the shared
assessment context within each group. The Group-Mean Reference Path captures com-
mon group-level information under the same proposition, while the Residual-Relative
Path describes sample-wise deviations from that group context. The Adaptive Routing
Fusion module combines the baseline prediction with the context-aware and residual-
relative correction candidates to obtain the final group-wise prediction. In this way,
DPAR-Net provides a concrete implementation for the proposed group-conditioned
intra-group ranking task.

In summary, the main contributions of our work can be categorized into three
aspects:

(1) We formulate art-exam work assessment as a group-conditioned aesthetic
assessment problem and construct AED, a group-organized benchmark containing
3,360 works from 93 exam themes across sketch, quick sketch, and color painting. AED
preserves the natural group structure of art exams and supports fine-grained intra-
group aesthetic comparison under shared propositions, categories, and assessment
contexts.

(2) We design a group-disjoint evaluation protocol for AED, where works from
the same exam theme are kept in the same split to test generalization to unseen
propositions. To match the relative nature of art-exam assessment, we evaluate models
by intra-group ranking and train them with group-normalized mid-rank targets derived
from the original scores.

(3) We propose DPAR-Net as a concrete implementation of group-conditioned aes-
thetic assessment and validate it through systematic experiments on AED. The results
show that DPAR-Net achieves better intra-group ranking correlation and pairwise
comparison accuracy than representative image aesthetic assessment baselines.

2 Related Work

2.1 Image Aesthetic Assessment

Early image aesthetic assessment mainly relied on manually designed features com-
bined with traditional machine learning methods [14, 15]. These methods evaluated
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image quality by extracting aesthetic-related features such as composition, color, and
texture. However, they had clear limitations in feature representation ability and gen-
eralization performance. With the development of deep neural networks and large-scale
supervised datasets, image aesthetic assessment has achieved substantial progress.
Talebi et al. [16] changed the prediction target from a single aesthetic score to a score
distribution based on the AVA dataset, thereby taking evaluation uncertainty into
account. Hosu et al. [17] designed a multi-scale pooling fusion model to extract multi-
level aesthetic features, improving performance on the AVA dataset. He et al. [18]
proposed an evaluation network based on thematic style, indicating that images with
different styles may require different evaluation criteria, and designed the TAD66K
dataset containing images of different styles. To address the insufficient research on
artistic image styles, Yi et al. [13] proposed the large-scale artistic image dataset
BAID, and designed an unsupervised learning branch to capture aesthetic differences
among images. Behrad et al. [19] designed a tagging strategy that retains compo-
sition, high-resolution content, aspect ratio, and multi-scale context, and assigned
high-resolution tags to visually important regions, achieving strong performance on
multiple datasets. In addition, recent work has begun to explore the effectiveness of
new visual architectures such as state space models in general IAA [20], while tradi-
tional aesthetic cues such as color composition and spatial organization have also been
shown to be valuable for image aesthetic assessment [21]. With the rapid development
of vision-language models, multimodal aesthetic assessment methods are also evolving
[22–27]. These methods obtain text-image representations through MLLMs or com-
bine user comments with visual information, enabling the model to make progress
toward interpretability in this field.

Although existing methods have made significant progress in single-image aesthetic
modeling, most of them assume that image labels can be compared globally. This
assumption is usually applicable to general IAA evaluation, but it faces challenges
in art exam scenarios. Specifically, scoring scales may vary across different proposi-
tions and batches, while works under the same proposition share a natural evaluation
context. Therefore, we address the problem of how to shift from independent abso-
lute assessment of single images to group-relative modeling within shared evaluation
conditions.

2.2 Relational Modeling and Conditional Assessment

Existing studies have shown that human aesthetic judgment is not always made in
isolation. Comparative relations, reference samples, and contextual information often
help form more stable and consistent evaluations. Based on this observation, some
works have begun to improve aesthetic prediction performance from the perspectives
of relational modeling and conditional assessment [28–35].

Ma et al. [28] adaptively integrated local and global patch fusion to generate
stronger aesthetic predictions. Liu et al. [29] constructed multiple patch regions and
inferred regional relationships, thereby improving the performance of aesthetic assess-
ment. She et al. [30] proposed a hierarchical layout-aware graph convolutional network
(HLA-GCN) for unified image aesthetic assessment. By constructing graph structures
in both coordinate space and latent space and performing graph reasoning, HLA-GCN
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explicitly models layout relationships and spatial organization information between
image regions. These methods indicate that aesthetic judgment not only depends on
local textures or global semantics, but is also closely related to the organizational
relationships among internal elements of the image. However, their focus still mainly
remains within a single image. Yang et al. [31] constructed a reference image set
through semantic retrieval, and achieved multi-image joint learning by combining
graph relationship reasoning. Shi et al. [32] then introduced a multi-reference learning
strategy with semantic and style consistency for artistic image scenarios, jointly mod-
eling the relationship between the target image and reference images. These works
collectively illustrate that cross-image comparison and reference learning can provide
discriminative information beyond independent modeling of a single image. However,
the reference samples in the above methods are mostly constructed a posteriori through
retrieval or pairing strategies, while the art exam scenarios studied in our work nat-
urally form groups of works based on the same proposition and shared evaluation
conditions.

In relation to reference learning, ranking modeling is also often used to depict
relative quality relationships in aesthetic assessment. Lee et al. [36] modeled image
aesthetic assessment as a pairwise comparison problem, indicating that pairwise com-
parison can be applied simultaneously to aesthetic score prediction and preference
relationship modeling. Zhou et al. [37] combined regression learning with pairwise
ranking for personalized image aesthetic assessment. Recently, Cheng et al. [38] con-
structed a pairwise comparison task for image color temperature aesthetic assessment,
indicating that relative ranking is helpful for modeling fine-grained aesthetic dif-
ferences. This also provides a basis for constructing supervisory signals from the
perspective of intra-group relative relationships.

Apart from relational modeling, existing studies have shown that images of differ-
ent themes, styles, or content types often correspond to different evaluation criteria.
Therefore, a fixed and uniform scoring function is not always optimal. Tang et al. [39]
designed an attention module to fully utilize the complementary information between
photographic visual attribute features and artistic aesthetic features. The TANet work
[18] also indicates that theme or style perception can enhance the adaptability of
image aesthetic assessment, and shows that the evaluation function itself has certain
contextual dependence. However, these conditional assessment methods mainly focus
on themes, styles, attributes, or user preferences, while the group-organized evaluation
context in art exam scenarios has not been sufficiently explored.

2.3 Image Aesthetic Assessment Datasets

The development of public datasets has significantly advanced image aesthetic assess-
ment research. Early works mainly relied on large-scale general benchmarks such as
AVA [11], which contains over 250,000 images and provides multi-dimensional anno-
tations such as aesthetic ratings, semantic categories, and photographic styles, laying
the foundation for aesthetic classification, score regression, and score distribution pre-
diction. Subsequently, AADB [12] further introduced photographic attributes such
as composition and color beyond the overall aesthetic rating, while TAD66K [18]

6



expanded the evaluation scenario from the perspective of themes, enabling models to
learn aesthetic rules based on perceptual cues and thematic differences.

As research subjects gradually expanded from natural images to artistic images
and paintings, related datasets began to focus more on artistic expression itself. As
a large-scale aesthetic assessment dataset for artistic images, BAID [13] expanded
the research foundation in the context of artistic works. APDD [40] further intro-
duced multi-category paintings and multi-dimensional aesthetic attribute annotations,
enabling models to learn more domain-specific artistic expression features. At the same
time, AACP [41] and SHPD [10] respectively targeted more specific task scenarios such
as children’s paintings and sketch portraits, indicating that image aesthetic assessment
is gradually moving from general modeling toward specialization and professionalism.
Recent work [42] has also begun to focus on fine-grained aesthetic differences in natu-
ral images, cropped images, and AIGC images, further demonstrating that assessment
problems in fine-grained scenarios remain highly challenging [43].

However, most of these datasets still focus primarily on predicting the absolute
aesthetic quality of a single image. There remains a research gap in aesthetic data
organized as groups of works under a unified evaluation context. The art exam scenario
naturally possesses this condition. For the same proposition and the same batch of
works, the content constraints and scoring criteria are highly consistent. Fine-grained
comparison within the group is the core issue in this scenario, and the original scores of
different groups may not share a unified absolute scale. This motivates the construction
of AED, a group-organized art exam dataset covering sketch, quick sketch, and color
painting. Details are provided in Section 3.1.

3 Methods

This section first introduces the construction process of the AED dataset in Section 3.1,
and then formally defines the group-conditional fine-grained assessment task for art
exam works in Section 3.2. Different from traditional single-image aesthetic assess-
ment, we focus on modeling relative quality within groups under shared evaluation
conditions, that is, restoring the relative ranking relationship between works within
the same exam theme and batch.

Based on this, we propose DPAR-Net, whose overall structure is shown in Fig. 2(a).
DPAR-Net is designed for the group-organized data format of art exam works and
explicitly utilizes group-context information for fine-grained quality modeling. Specif-
ically, the model first extracts the feature zi of each sample using a shared backbone,
and a single-image prediction head maps zi to the baseline prediction bi. Subsequently,
the Dual-path Reference Encoder introduced in Section 3.3 uses the group features
to generate two correction candidates: a context-aware correction ci and a residual-
relative correction ri. Finally, the Adaptive Routing Fusion module introduced in
Section 3.4 combines the baseline prediction with the two correction candidates to
obtain the final group-wise prediction.
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Fig. 2 Overview of DPAR-Net. (a) Overall framework of the proposed method. Given an input
group from the same exam context, a shared backbone extracts group features, the base head predicts
baseline scores, and the Dual-path Reference Encoder estimates context-aware and residual-relative
correction candidates. The Adaptive Routing Fusion module then combines the baseline prediction
with these correction candidates to produce the final group-wise prediction. (b) Structure of the
Dual-path Reference Encoder, which contains a Group-Mean Reference Path and a Residual Relative
Path. (c) Adaptive Routing Fusion, which combines the baseline prediction with the context-aware
and residual-relative correction candidates to produce the final prediction.

3.1 Art Exam Dataset

To study the quality assessment of artworks in art exam scenarios, an Art Exam
Dataset (AED) specifically designed for the art exam scenario was constructed. AED
was constructed from archived mock art-examination records collected by a collabo-
rating institution. These mock examinations follow a format similar to regional joint
art examinations, where multiple candidates complete their works under the same
proposition, category, and assessment conditions. The dataset contains 3,360 works
from 93 examination themes, covering three categories: sketch, quick sketch, and color
painting. In AED, each examination theme is treated as one group. Fig. 3 and Table 1
show the sample number distribution and detailed statistical information of the 93
groups in AED.

The dataset is permitted for non-commercial academic research. Since all identity
information has been anonymized and the data come from archived mock examina-
tions, we cannot reliably determine whether works from the same student appear
across different groups. The original images have varying resolutions and aspect ratios
because they were digitized from different archived examination records. Some images
are horizontally oriented, while others are vertically oriented. The image widths range
from 363 to 1707 pixels, and the heights range from 455 to 1897 pixels, with a median
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size of approximately 1235 × 1376 pixels. However, images within the same exami-
nation group usually have similar acquisition conditions and comparable resolutions.
During model training, all images are resized to 224 × 224 pixels following the same
preprocessing protocol. Finally, we cleaned and rechecked the collected data to ensure
that the samples in each group were valid, and then constructed AED.

Each work is associated with a final score generated by the examination assess-
ment process. These final scores are the available assessment outcomes of the mock art
examination, rather than objective measurements of artistic quality. Since judge-level
rating records, expert comments, detailed rubrics, and score aggregation procedures
are unavailable, we do not make assumptions about the specific score formation mech-
anism. In this study, the final scores are used to derive the relative ordering embedded
in the art-exam assessment process within each group. Therefore, AED is designed to
support the study of assessment-derived intra-group ranking under shared examina-
tion conditions, rather than absolute prediction of artistic quality across all groups.
Finally, AED is permitted for non-commercial academic research and can be publicly
released.

Table 1 Statistics of AED by category.

Category Images Groups Group size mean Min./Max. group size Score mean ± std

Sketch 1066 33 32.3 9/72 83.88± 13.42
Quick sketch 1045 29 36.0 6/72 82.17± 13.68
Color 1249 31 40.3 7/132 86.71± 11.19

Fig. 3 Group size distribution of the AED dataset. The 93 groups are divided into three art exam
categories: sketch, quick sketch, and color painting. Bars indicate the number of samples in each
group, and groups are sorted by group size within each category.

3.2 Problem formulation

Unlike traditional image aesthetic assessment tasks, we do not focus on independently
scoring individual images on a unified scale across the entire dataset. Instead, we
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address group-conditional fine-grained assessment for art exam works. In AED, each
group corresponds to a set of works from the same exam batch and the same propo-
sition. Since works within the same group are highly consistent in subject matter,
composition style, and semantic expression, the samples within the group have natural
comparability. In contrast, different groups often correspond to different propositions
and evaluation contexts, and their score labels may not share a fully consistent com-
parison scale. Therefore, the original scores across different groups cannot be strictly
compared directly. Let AED be represented as:

D = {Gm}Mm=1, Gm = {(x
(m)
i , s

(m)
i )}Nm

i=1, (1)

where Gm denotes the m-th group, x
(m)
i denotes the i-th image in this group, s

(m)
i

denotes the original score label of the i-th image, and Nm is the number of samples
in this group. Since we do not assume a strictly consistent global scoring scale across

different groups, the original score s
(m)
i is mainly used as the source of intra-group

relative quality relationships, rather than as an absolute supervisory signal that can

be directly aligned across groups. During training, we further convert s
(m)
i into an

intra-group relative supervision target, as defined in Section 3.5.
Given an input group Gm, the goal of the model is to predict a set of relative

quality scores:

ŷ(m) = {ŷ
(m)
i }Nm

i=1. (2)

Although the final output of the model is still represented as scalar scores, for
the AED task, these scores are not intended to recover absolute exam scores that
are directly comparable across groups. Instead, they are used to recover the relative
ranking relationships and local hierarchical structure among works within the same
shared evaluation conditions. Based on this setting, we regard each group as a local
evaluation context and model group-context correction to learn fine-grained quality
differences among works. For clarity, the main notation used in the following model
description is summarized in Table 2.

Table 2 Main notation used in the DPAR-Net formulation.

Symbol Meaning

Gm The m-th artwork group under the same exam proposition

x
(m)
i

The i-th artwork in group Gm

s
(m)
i

Original final exam score of x
(m)
i

t
(m)
i

Group-normalized mid-rank target
zi Visual feature of artwork xi

z̄ Group mean reference feature
bi Baseline single-image prediction
ci Context-aware correction from the Group-Mean Reference Path
ri Residual-relative correction from the Residual Relative Path
αbase
i

, αctx
i

, αrel
i

Routing weights for the three prediction paths
ŷi Final predicted relative score
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3.3 Dual-path Reference Encoder

To fully utilize the comparable relationships among works within the same group, we
design a Dual-path Reference Encoder, as shown in Fig. 2(b). Given the group fea-
tures extracted by the shared backbone, the encoder estimates two types of correction
information for each sample: a context-aware correction and a residual-relative cor-
rection. The encoder consists of two paths, namely the Group-Mean Reference Path
and the Residual Relative Path. For simplicity, the group superscript (m) is omitted
in this subsection, and zi denotes the feature of the i-th work in the current group.

The Group-Mean Reference Path aims to model each work with respect to the
overall group context. Specifically, we first calculate the group mean reference z̄ by
averaging the features of all works in the group. The relation between each sample and
the group reference is then represented in the learned feature space by combining the
sample feature, the group reference, their residual difference, and their element-wise
interaction. The context-aware correction ci is obtained as:

z̄ =
1

Nm

Nm
∑

j=1

zj ,

uctx
i = [zi, z̄, zi − z̄, zi ⊙ z̄],

ci = MLPctx(u
ctx
i ),

(3)

where ⊙ denotes element-wise multiplication. This path allows the correction head to
compare the current sample with the group-level reference in the learned feature space.

In addition to the context-aware representation, we further introduce a Resid-
ual Relative Path to emphasize sample-wise deviation from the group context.
This path isolates the residual deviation and constructs a compact residual-relative
representation:

di = zi − z̄,

urel
i = [di, zi ⊙ di],

ri = MLPrel(u
rel
i ),

(4)

Here, di denotes the residual deviation between the current sample and the group mean
reference, and ri denotes the residual-relative correction predicted by the Residual
Relative Path.

In summary, the Group-Mean Reference Path provides a context-aware correction
by jointly modeling the sample feature and the group mean reference, while the Resid-
ual Relative Path provides a residual-relative correction by focusing on the sample
deviation from the group context. These two correction candidates are then combined
with the baseline prediction by the Adaptive Routing Fusion module for fine-grained
intra-group ranking.

3.4 Adaptive Routing Fusion

The Dual-path Reference Encoder produces two correction candidates for each sample:
the context-aware correction ci and the residual-relative correction ri. A straightfor-
ward way to use these candidates is to directly add them to the baseline prediction.
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However, direct additive fusion fixes the coefficients of both correction terms and does
not provide an explicit mechanism for learning their relative contribution. Another
possible solution is to use an unconstrained MLP to regress the final prediction from
the baseline output and the correction candidates, but such a fusion function does not
explicitly preserve the baseline prediction as an anchor and does not provide directly
interpretable correction weights.

Based on this consideration, we design an Adaptive Routing Fusion module, as
shown in Fig. 2(c). The module keeps the prediction in a baseline-anchored residual
form and learns sample-conditioned weights for the two correction candidates. For the
i-th sample, we construct three candidate prediction paths: the baseline path bi, the
context-corrected path bi + ci, and the residual-corrected path bi + ri. The routing
MLP takes zi, bi, ci, and ri as input, and generates normalized routing weights for
these paths:

[αbase
i , αctx

i , αrel
i ] = softmax (MLProute([zi, bi, ci, ri])) ,

ŷi = αbase
i bi + αctx

i (bi + ci) + αrel
i (bi + ri),

= bi + αctx
i ci + αrel

i ri.

(5)

where αbase
i , αctx

i , and αrel
i denote the routing weights for the baseline path,

context-corrected path, and residual-corrected path, respectively. The three weights
are normalized by the softmax function and sum to 1.

This formulation keeps the final prediction anchored to the baseline output while
allowing the two correction candidates to contribute through learned non-baseline
routing weights. In this way, Adaptive Routing Fusion provides a structured residual
fusion form in which ci and ri are introduced as weighted correction terms rather than
directly added with fixed coefficients.

3.5 Training Objective

The goal of AED is to recover relative quality relationships among artworks within
the same exam group, rather than to fit absolute scores that may not be directly
comparable across different exam themes. Therefore, for each group, we convert the
original final exam scores into group-normalised mid-rank targets and use them as the
regression supervision.

Let the current training batch correspond to a complete group Gm =

{(x
(m)
i , s

(m)
i )}Nm

i=1, where s
(m)
i is the original expert score of the i-th sample. The sam-

ples are ranked within the group according to their raw scores in ascending order, and
tied scores receive the average rank:

r
(m)
i = MidRank

(

s
(m)
i , {s

(m)
j }Nm

j=1

)

,

where MidRank(·) denotes the intra-group rank with average ranks assigned to tied
scores.
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Based on the mid-rank, the group-normalised target is defined as

t
(m)
i =











0, Nm = 1,

r
(m)
i − 1

Nm − 1
, Nm > 1,

t
(m)
i ∈ [0, 1].

Under this definition, t
(m)
i = 0 corresponds to the lowest-ranked artwork in the group,

while t
(m)
i = 1 corresponds to the highest-ranked artwork. This target preserves intra-

group relative quality and reduces the influence of score-scale differences across exam
groups.

For an input image x
(m)
i , the model outputs a prediction ŷ

(m)
i , which is supervised

by the group-normalised target. We use the Smooth L1 loss as the regression objective:

L(m)
reg =

1

Nm

Nm
∑

i=1

SmoothL1
(

ŷ
(m)
i , t

(m)
i

)

.

Since each training batch corresponds to a complete group, this loss performs relative
position regression within the group. This supervision is consistent with AED’s group-
conditioned assessment setting, where evaluation is defined within the same exam
proposition rather than across unrelated themes. The complete training and inference
procedure of DPAR-Net is summarized in Algorithm 1.

Algorithm 1 Training and inference of DPAR-Net

Require: Grouped artworks D = {Gm}Mm=1, where Gm = {(x
(m)
i , s

(m)
i )}Nm

i=1

1: for each training group Gm do

2: Convert original scores {s
(m)
i }Nm

i=1 into group-normalized mid-rank targets

{t
(m)
i }Nm

i=1

3: Extract feature zi for each artwork x
(m)
i ∈ Gm

4: Compute the group mean reference z̄ = 1
Nm

∑Nm

j=1 zj
5: Predict baseline output bi for each artwork
6: Predict context-aware correction ci and residual-relative correction ri
7: Compute routing weights αbase

i , αctx
i , αrel

i

8: Obtain final prediction ŷi = αbase
i bi + αctx

i (bi + ci) + αrel
i (bi + ri)

9: Update model parameters using Smooth L1 loss between ŷi and t
(m)
i

10: end for

11: for each test group Gm do

12: Extract group features and compute the group mean reference z̄

13: Compute bi, ci, ri, and routing weights for each artwork
14: Output ŷi for intra-group ranking and evaluation
15: end for
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4 Experiments

4.1 Experimental setup

To evaluate the effectiveness of the proposed method on the fine-grained quality assess-
ment task for art-exam works, we conduct five-fold group-disjoint evaluation on AED.
The five folds are constructed using a group-level greedy balancing strategy. First,
all images are assigned to their corresponding exam groups, and each exam group
is treated as an indivisible splitting unit. The fold assignment is then performed at
the group level. For each category, namely Sketch, Quick Sketch, and Color Painting,
exam groups are sorted by the number of images in descending order. The groups are
sequentially assigned to the fold that currently has the smallest number of images in
the same category. If multiple folds have the same category-specific image count, the
group is assigned to the fold with the smaller total number of images. This procedure
makes the folds approximately balanced in terms of total image number and category
coverage while preserving the group-disjoint constraint. In each evaluation round, one
fold is used as the test set, and the remaining four folds are used for training. The same
hyperparameter configuration is used across all folds, and the test fold is used only
for final evaluation rather than hyperparameter tuning. Table 3 reports the detailed
split statistics.

Table 3 Statistics of the five-fold group-disjoint evaluation. Each entry denotes the number of
groups / images.

Fold Train Test Sketch Quick Sketch Color

Fold 1 76 / 2696 17 / 664 6 / 209 5 / 203 6 / 252
Fold 2 74 / 2690 19 / 670 7 / 217 6 / 206 6 / 247
Fold 3 73 / 2675 20 / 685 7 / 216 6 / 215 7 / 254
Fold 4 74 / 2688 19 / 672 7 / 216 6 / 210 6 / 246
Fold 5 75 / 2691 18 / 669 6 / 208 6 / 211 6 / 250

All experiments are conducted on a single NVIDIA GeForce RTX 3080 Ti GPU.
The software environment is PyTorch 2.1.0 with CUDA 11.8. The backbone network is
ResNet-18, initialized with ImageNet-pretrained weights. The batch size is set to one
group, and all images are cropped to 224×224. Only random horizontal flipping is used
for data augmentation. During training, we use the Adam optimizer with an initial
learning rate of 1 × 10−4, combined with a cosine annealing learning rate schedule.
The minimum learning rate is set to 1× 10−6, and each fold is trained for 80 epochs.
Unless otherwise specified, the same training configuration is used for all comparison
experiments.

4.2 Evaluation Metrics

We use three metrics to evaluate model performance, including Spearman Rank Cor-
relation Coefficient (SRCC), Pearson Linear Correlation Coefficient (PLCC), and

14



Pairwise Accuracy (Pair Acc). Since the AED task focuses on intra-group rela-
tive quality assessment, all metrics are first computed within each group and then
macro-averaged across groups.

For the m-th group, SRCC is computed as:

SRCC(m) =

∑Nm

i=1(ρ
ŷ
i − ρ̄ŷ)(ρsi − ρ̄s)

√

∑Nm

i=1(ρ
ŷ
i − ρ̄ŷ)2

√

∑Nm

i=1(ρ
s
i − ρ̄s)2

, (6)

where Nm is the number of samples in the m-th group, ρŷi = rank(ŷ
(m)
i ) and ρsi =

rank(s
(m)
i ) denote the intra-group ranks of the predicted score and the ground-truth

score, respectively. If tied scores exist, their average rank is used. ρ̄ŷ and ρ̄s denote the
mean ranks. A higher SRCC indicates that the model can better recover the relative
quality order of works within the same evaluation context.

PLCC is computed as:

PLCC(m) =

∑Nm

i=1(ŷ
(m)
i − ¯̂y(m))(s

(m)
i − s̄(m))

√

∑Nm

i=1(ŷ
(m)
i − ¯̂y(m))2

√

∑Nm

i=1(s
(m)
i − s̄(m))2

, (7)

where ŷ
(m)
i and s

(m)
i denote the predicted score and the ground-truth score of the i-th

sample, respectively, and ¯̂y(m) and s̄(m) are their group-wise mean values. A higher
PLCC indicates that the model can better capture the linear quality variation of works
within the same group.

To directly evaluate whether the model can correctly judge the relative order of
any two works within the same exam context, we further use Pair Acc as an evaluation
metric.

Pm = {(i, j) | 1 ≤ i < j ≤ Nm, s
(m)
i ̸= s

(m)
j } (8)

Let Pm denote the set of sample pairs with different ground-truth scores in the m-th
group. Pair Acc is defined as:

PairAcc(m) =
1

|Pm|

∑

(i,j)∈Pm

1
[

(ŷ
(m)
i − ŷ

(m)
j )(s

(m)
i − s

(m)
j ) > 0

]

, (9)

where 1[·] is the indicator function. If the predicted order is consistent with the ground-
truth order, the indicator value is 1; otherwise, it is 0. A higher Pair Acc indicates that
the model can more accurately recover pairwise relative quality relationships within
the group.

Unless otherwise specified, the reported SRCC, PLCC, and Pair Acc are obtained
by first computing the corresponding metric within each group and then taking the
macro average across groups:

Metric =
1

|M|

∑

m∈M

Metric(m), (10)
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where M denotes the set of evaluation groups. It should be noted that all evaluation
metrics are computed within each group and then macro-averaged across groups. This
protocol is stricter than global evaluation over all samples, because it focuses on works
under the same exam context. Therefore, the absolute metric values may be lower
than those reported on conventional IAA benchmarks, but they more faithfully reflect
the group-conditional assessment objective of AED.

4.3 Performance comparison

We compare DPAR-Net with representative image aesthetic assessment methods,
including NIMA [16], MLSP [17], TANet [18], SAAN [13], and HLA-GCN [30]. We
additionally include a simple statistical baseline and two ranking-oriented baselines.
The statistical baseline, ResNet18-Frozen + Ridge, extracts ImageNet-pretrained
ResNet-18 features with the feature extractor frozen, and trains a ridge regression
model to predict the group-normalized mid-rank target. The ridge coefficient is selected
by inner group-disjoint cross-validation. The two ranking-oriented baselines, Baseline
+ Pairwise-Rank and Baseline + Listwise-Rank, use the same architecture as Baseline
but replace the mid-rank regression objective with ranking-oriented losses. Specifically,
Baseline + Pairwise-Rank adopts a RankNet-style pairwise logistic loss, and Baseline
+ Listwise-Rank adopts a ListNet-style top-one loss. The pairwise preferences and
listwise rank distributions are derived from the group-normalized mid-rank targets.
All methods are evaluated using the same data splits and evaluation protocol.

Table 4 reports the overall comparison on AED. DPAR-Net achieves the high-
est mean performance on all three metrics. Compared with Baseline, DPAR-Net
improves SRCC, PLCC, and Pair Acc from 0.4189, 0.4226, and 0.6813 to 0.4596,
0.4624, and 0.7035, respectively. This shows that introducing group-context mod-
eling brings consistent mean improvements over the ResNet-18 baseline under the
same evaluation setting. The ResNet18-Frozen + Ridge baseline obtains lower perfor-
mance, with SRCC, PLCC, and Pair Acc of 0.3298, 0.3561, and 0.6351, respectively.
This indicates that fixed pretrained features combined with a linear statistical model
and group-normalized supervision are not sufficient to address AED. Among the two
ranking-oriented variants, Baseline + Pairwise-Rank obtains results close to Baseline,
while Baseline + Listwise-Rank obtains lower mean performance. DPAR-Net achieves
higher mean performance than both variants, suggesting that standard pairwise or
listwise ranking formulations alone are less suited to the group-conditioned assessment
setting of AED than explicit group-context modeling.

Compared with general image aesthetic assessment methods, DPAR-Net also
obtains higher mean performance. Compared with NIMA, DPAR-Net improves SRCC,
PLCC, and Pair Acc by 0.0505, 0.0493, and 0.0284, respectively. Compared with
MLSP and HLA-GCN, which enhance single-image representation through multi-level
features or regional relationship modeling, DPAR-Net also shows higher mean per-
formance, especially on Pair Acc. This suggests that stronger single-image feature
modeling alone is not sufficient for recovering fine-grained intra-group quality rela-
tionships in AED. Compared with TANet and SAAN, which introduce theme or style
information, DPAR-Net further improves the overall results. In particular, compared
with SAAN, DPAR-Net improves SRCC, PLCC, and Pair Acc by 0.0242, 0.0170, and
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0.0181, respectively. These results indicate that theme- or style-aware modeling can be
helpful, but existing IAA methods still mainly assess each image independently and
do not explicitly model relative differences among works under the same proposition.

Therefore, the comparison in this section evaluates the applicability of general
IAA methods to AED and further examines ranking-oriented alternatives under the
same group-disjoint evaluation setting. Overall, the results suggest that explicit group-
context modeling provides a more suitable solution for recovering intra-group relative
quality relationships in AED.

Table 4 Comparison of DPAR-Net with baseline, image aesthetic assessment methods, statistical
baseline, and ranking-oriented baselines on AED.

Model Params SRCC↑ PLCC↑ Pair Acc↑

Baseline 11.2 M 0.4189± 0.0450 0.4226± 0.0302 0.6813± 0.0152

Image aesthetic assessment methods

NIMA 21.8 M 0.4091± 0.0504 0.4131± 0.0365 0.6751± 0.0218
MLSP 64.9 M 0.3924± 0.0375 0.3621± 0.0241 0.6412± 0.0158
TANet 13.8 M 0.4299± 0.0389 0.4317± 0.0290 0.6786± 0.0149
SAAN 26.0 M 0.4354± 0.0436 0.4454± 0.0317 0.6854± 0.0299
HLA-GCN 44.3 M 0.4133± 0.0388 0.4276± 0.0390 0.6496± 0.0257

Statistical baseline

ResNet18-Frozen + Ridge —— 0.3298± 0.0500 0.3561± 0.0525 0.6351± 0.0209

Ranking-oriented baselines

Baseline + Pairwise-Rank 11.2 M 0.4184± 0.0444 0.4286± 0.0330 0.6832± 0.0179
Baseline + Listwise-Rank 11.2 M 0.3540± 0.0715 0.3662± 0.0726 0.6499± 0.0303

DPAR-Net (Ours) 13.2 M 0.4596± 0.0477 0.4624± 0.0239 0.7035± 0.0189

4.4 Ablation Study

To compare different architectural configurations of DPAR-Net, we construct sev-
eral variants based on the same single-image baseline. Baseline+GMRP adds only
the Group-Mean Reference Path, while Baseline+RRP adds only the Residual
Relative Path. Baseline+SingleRefMLP merges the feature inputs of the two ref-
erence paths into a single-path representation and uses one MLP to predict a
unified correction term. Baseline+GMRP+RRP keeps the two separate correction
heads but directly adds both correction terms to the baseline prediction. Base-
line+GMRP+RRP+MLPFusion replaces Adaptive Routing Fusion with an uncon-
strained MLP fusion module. DPAR-Net (Full) uses Adaptive Routing Fusion to com-
bine the baseline prediction and the two correction candidates in a baseline-anchored
residual form.

The results are reported in Table 5. Compared with the baseline, using GMRP
alone does not bring improvement, while RRP slightly improves SRCC and Pair Acc,
suggesting that the residual-relative representation may contain useful group-relative
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information for intra-group ranking. Baseline+SingleRefMLP performs worse than
Baseline+GMRP+RRP, indicating that representing the two correction candidates
with separate heads is more suitable than merging them into a single correction branch
in this setting. Baseline+GMRP+RRP improves over the single-path variants, but its
performance remains lower than that of DPAR-Net (Full), suggesting that directly
adding the correction terms with fixed coefficients is not the most effective fusion
strategy.We further compare Adaptive Routing Fusion with ordinary MLP fusion.
Baseline+GMRP+RRP+MLPFusion keeps the two correction heads but uses an MLP
to regress the final prediction from the feature and prediction-related inputs. DPAR-
Net (Full) achieves higher SRCC, PLCC, and Pair Acc than this variant, suggesting
that Adaptive Routing Fusion, which keeps the prediction anchored to the baseline
output, is more suitable for this benchmark than the ordinary MLP fusion used in
Baseline+GMRP+RRP+MLPFusion.

Overall, the ablation results show that DPAR-Net (Full) achieves the best perfor-
mance among the tested variants. These results support using DPAR-Net as an initial
reference architecture for AED.

Table 5 Results of the ablation study of DPAR-Net on AED.

Model SRCC↑ PLCC↑ Pair Acc↑

Baseline 0.4189± 0.0450 0.4226± 0.0302 0.6813± 0.0152
Baseline+GMRP 0.4074± 0.0741 0.4136± 0.0524 0.6788± 0.0328
Baseline+RRP 0.4224± 0.0417 0.4213± 0.0412 0.6872± 0.0206
Baseline+SingleRefMLP 0.4099± 0.0676 0.4024± 0.0599 0.6796± 0.0313
Baseline+GMRP+RRP 0.4347± 0.0569 0.4404± 0.0332 0.6871± 0.0265
Baseline+GMRP+RRP+MLPFusion 0.4207± 0.0467 0.4201± 0.0414 0.6839± 0.0139
DPAR-Net (Full) 0.4596± 0.0477 0.4624± 0.0239 0.7035± 0.0189

4.5 Routing and Fusion Diagnostics

To examine how Adaptive Routing Fusion is used in practice, we visualize the learned
routing weights in Fig. 4. Fig. 4(a) shows the overall routing weights of the three
prediction paths. The baseline path receives the dominant routing weight, whereas
the context-corrected and residual-corrected paths are assigned very small weights.
This indicates that the learned fusion module follows a conservative baseline-anchored
pattern, and that the final prediction is mainly determined by the baseline output.

We further inspect the non-baseline routing weights under different sample and
group conditions in Fig. 4(b)–(d). Since AED does not provide independent human-
labeled sample difficulty annotations, we do not define sample difficulty as a separate
ground-truth dimension. Instead, we analyze the routing weights across intra-group
rank ranges, art categories, and group sizes. The rank ranges in Fig. 4(b) describe
positions in the assessment-derived intra-group ordering, where Top 20% denotes the
highest-scoring works within each group and Bottom 20% denotes the lowest-scoring
works.
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Fig. 4 Visualization of the learned routing weights in Adaptive Routing Fusion. Panel (a) shows the
overall routing weights of the three prediction paths, including the baseline path αbase

i
, the context-

corrected path αctx

i
, and the residual-corrected path αrel

i
. Panels (b)–(d) report the non-baseline

routing weights αctx

i
and αrel

i
under different sample and group conditions, including intra-group rank

range, art category, and group size. The intra-group rank ranges are defined using the ground-truth
group-normalized mid-rank targets, where larger target values indicate higher within-group scores.
Panels (b)–(d) use magnified y-axes to show the small non-baseline routing weights.

Overall, the non-baseline weights remain small across the examined conditions,
including different rank ranges, categories, and group sizes. This suggests that the
model mainly relies on the baseline prediction, including for clearly high- or low-
scoring rank ranges. The non-baseline weights show only weak variations across the
examined conditions. For example, the residual-relative weight is slightly larger in
the middle rank ranges, the color painting subset shows relatively larger non-baseline
weights than the other categories, and larger groups show slightly higher non-baseline
weights. These trends are used only as descriptive diagnostics of the learned routing
behavior and should not be interpreted as evidence of large direct correction effects
at inference time.

Given this baseline-dominant routing pattern, the performance improvement of the
full model should not be interpreted as being mainly caused by large direct corrections
at inference time. To further analyze the role of routing in this setting, we conduct a
controlled diagnostic experiment, as reported in Table 6. The Baseline model is trained
with the single-image prediction loss L(b, y). DPAR-Net (base-loss only) keeps the
full DPAR-Net architecture and still computes bi, ci, ri, and the routing weights, but
applies the training loss only to the baseline-path output bi, rather than to the fused
prediction ŷi. DPAR-Net (Full) optimizes the fused prediction ŷi = bi+αctx

i ci+αrel
i ri.
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As shown in Table 6, DPAR-Net (base-loss only) performs similarly to the Baseline,
indicating that simply adding the dual-path encoder and routing module without
supervising the fused output does not improve the model by itself. In contrast, DPAR-
Net (Full), trained with the fused prediction, achieves higher SRCC, PLCC, and Pair
Acc.These results suggest that the gain is not mainly due to inference-time routing-
based path selection. Instead, it is related to using the fused prediction ŷi as the
supervised output during training.

Table 6 Controlled diagnostic results for the fused-prediction training formulation.

Model SRCC PLCC Pair Acc

Baseline 0.4189± 0.0450 0.4226± 0.0302 0.6813± 0.0152
DPAR-Net (base-loss only) 0.4140± 0.0470 0.4190± 0.0323 0.6804± 0.0173
DPAR-Net (Full) 0.4596± 0.0477 0.4624± 0.0239 0.7035± 0.0189

4.6 Qualitative Evaluation

To further observe the intra-group ranking performance of the model on specific
samples, Fig. 5 shows the prediction results of Baseline and DPAR-Net on three repre-
sentative groups. It should be noted that the outputs of the model during training and
prediction are normalized relative quality scores. For better visualization, the ground-
truth scores and predicted scores are converted into intra-group ranks in the figure,
where a smaller rank value indicates a higher ranking position. For samples with tied
ground-truth scores, interval ranks are used in the figure.

From the overall results, the predicted rankings of DPAR-Net are closer to the
GT ranks than those of Baseline, especially for samples in the middle-quality range.
In the Sketch group, Baseline can identify samples at the two ends of the ranking,
but it produces obvious misorderings for middle-level works. For example, the sam-
ple with a GT rank of 5/10 is predicted as 9/10, while the sample with a GT rank
of 6/10 is predicted as 3/10. In contrast, DPAR-Net produces predictions that are
closer to the ground-truth order for these samples. In the Quick Sketch group, Base-
line underestimates some high-quality samples and overestimates some low-quality
samples, indicating that single-image features may introduce local ranking deviations
in fine-grained quick sketch assessment. DPAR-Net alleviates these ranking shifts
for most samples, although overestimation still occurs for a few low-quality samples.
In the Color group, Baseline shows local disorder in the middle and lower rank-
ing ranges, while DPAR-Net produces rankings that are closer to the GT ranks for
neighboring-level samples.

These qualitative results show that DPAR-Net produces more stable relative rank-
ing relationships under shared evaluation conditions in these examples. Meanwhile,
the remaining prediction deviations for a few samples also indicate that distinguishing
adjacent quality levels in art exam works is still challenging.
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Fig. 5 Qualitative comparison of group-wise ranking results. Examples are selected from three art
exam categories: (a) sketch, (b) quick sketch, and (c) color painting. For each sample, GT denotes
the ground-truth rank within the corresponding group, while Baseline and Ours denote the predicted
ranks produced by the baseline model and DPAR-Net, respectively. A smaller rank indicates higher
quality. Rank intervals are used for samples with tied ground-truth scores. Bold values indicate the
prediction closer to the ground-truth rank between Baseline and Ours.

4.7 Category-wise Analysis

To analyze the performance of the model on different art-exam categories, we further
evaluate Baseline and DPAR-Net on the Sketch, Quick Sketch, and Color Painting
subsets. Specifically, in each fold, SRCC, PLCC, and Pair Acc are computed for each
category according to the evaluation protocol in Section 4.2. The results are then
summarized over the five folds, and the mean performance together with the 95%
confidence interval is reported in Table 7. Each result is presented as the mean value
followed by the 95% confidence interval in parentheses. The confidence intervals are
computed over the five folds using Student’s t-distribution.

The category-wise results show that DPAR-Net achieves higher mean performance
than Baseline across all three categories and all three metrics. For the Sketch category,
DPAR-Net obtains SRCC, PLCC, and Pair Acc values of 0.5329, 0.5332, and 0.7520,
respectively, compared with 0.4989, 0.5247, and 0.7306 for Baseline. For the Quick
Sketch category, DPAR-Net improves the mean SRCC from 0.4848 to 0.5042, PLCC
from 0.4663 to 0.5017, and Pair Acc from 0.7023 to 0.7112. For the Color Painting
category, DPAR-Net improves SRCC, PLCC, and Pair Acc from 0.3671, 0.3686, and
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0.6524 to 0.4224, 0.4432, and 0.6819, respectively. These consistent mean improve-
ments suggest that the proposed group-conditioned modeling strategy is not restricted
to a single art-exam category.

The results also reveal category-dependent performance differences. Compared
with Sketch, Color Painting obtains lower SRCC and Pair Acc for both Baseline and
DPAR-Net, indicating that ranking color painting works is more challenging in AED.
The confidence intervals further show the uncertainty of the category-wise estimates
across folds, with relatively wider intervals observed for Quick Sketch and Color Paint-
ing. Meanwhile, DPAR-Net consistently achieves higher mean performance across all
categories and metrics. Therefore, the category-wise confidence intervals provide a
more transparent basis for judging the generality of the reported improvements.

Table 7 Category-wise performance with 95% confidence intervals over five folds.

Category Metric Baseline DPAR-Net

Sketch SRCC 0.4989 (0.4076, 0.5902) 0.5329 (0.4080,0.6578)
Sketch PLCC 0.5247 (0.4071, 0.6423) 0.5332 (0.3981,0.6683)
Sketch Pair Acc 0.7306 (0.6599, 0.8013) 0.7520 (0.6657,0.8383)

Quick Sketch SRCC 0.4848 (0.2646, 0.7050) 0.5042 (0.2965,0.7119)
Quick Sketch PLCC 0.4663 (0.2111, 0.7215) 0.5017 (0.2310,0.7724)
Quick Sketch Pair Acc 0.7023 (0.6101, 0.7945) 0.7112 (0.6152,0.8072)

Color SRCC 0.3671 (0.1074, 0.6268) 0.4224 (0.1906,0.6542)
Color PLCC 0.3686 (0.1300, 0.6072) 0.4432 (0.2487,0.6377)
Color Pair Acc 0.6524 (0.5385, 0.7663) 0.6819 (0.5794,0.7844)

4.8 Group Size Analysis

To further analyze the influence of group size on model performance, we divide the
test groups according to the number of samples in each group. Specifically, N = 30
is used as the threshold, and the test groups are divided into two subsets: N ≤ 30
and N > 30. This threshold is selected according to the distribution of group sizes in
the test set, so that the two subsets are relatively balanced in terms of the number
of groups. The N ≤ 30 subset contains 48 groups with 899 images, while the N > 30
subset contains 45 groups with 2461 images. The results are shown in Table 8.

Table 8 Performance comparison under different group sizes.

Group Size Model SRCC↑ PLCC↑ Pair Acc↑

N ≤ 30 Baseline 0.3809± 0.0999 0.3696± 0.0927 0.6741± 0.0398
N ≤ 30 DPAR-Net 0.4329± 0.1074 0.4130± 0.0810 0.7053± 0.0484

N > 30 Baseline 0.4598± 0.0373 0.4838± 0.0521 0.6900± 0.0136
N > 30 DPAR-Net 0.4928± 0.0450 0.5215± 0.0757 0.7046± 0.0174
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The experimental results show that DPAR-Net outperforms Baseline under both
group-size settings. For small groups with N ≤ 30, DPAR-Net achieves clear improve-
ments on all three metrics, with SRCC increasing from 0.3809 to 0.4329, PLCC from
0.3696 to 0.4130, and Pair Acc from 0.6741 to 0.7053. This indicates that even when the
number of intra-group samples is relatively limited, DPAR-Net can still recover relative
quality relationships among works more effectively than the single-image Baseline.

For larger groups with N > 30, DPAR-Net also maintains a stable advantage.
Although the improvement margin is slightly smaller than that in small groups, the
overall results still show that the proposed method remains effective when more
samples are available to form group-context representations.

Overall, group size has a certain influence on task difficulty and model performance.
Compared with larger groups, small groups show larger performance fluctuations,
suggesting that when fewer samples are available within a group, the assessment
results are more easily affected by sample distribution and supervision sparsity.
Nevertheless, DPAR-Net consistently outperforms Baseline under both group-size set-
tings, demonstrating its stability and generalization ability under different group-size
conditions.

5 Limitations

Although the proposed method achieves good overall performance on AED, it still
has several limitations. First, AED currently provides only final exam scores, without
judge-level rating records or dimension-specific evaluation annotations. Therefore, the
model cannot directly learn fine-grained expert judgment rules in terms of structural
accuracy, detail completeness, and overall coordination. In addition, art assessment
itself contains a certain degree of subjectivity, and the final scores may inevitably
include subjective bias. Therefore, the model should be interpreted as approximat-
ing the relative ordering embedded in the art-exam assessment process, rather than
learning objective artistic quality.

We also analyze several failure cases, as shown in Fig. 6. The model may over-
estimate some works with strong visual impact or salient color features, while
underestimating works that are less visually striking but more stable in facial depiction
or structural relationships. This indicates that although the current model improves
overall ranking consistency under the group-conditioned setting, it is still insufficient in
learning professional evaluation dimensions and high-level assessment factors. Future
work should therefore incorporate expert comments, dimension-specific evaluation cri-
teria, rubric-based labels, judge-level scores, and multi-rater uncertainty as essential
extensions. These richer forms of annotation and supervision are necessary for more
rigorous computational modeling of art-exam assessment [44, 45].

6 Conclusions and future work

In this study, we introduce AED, a group-conditioned art exam dataset containing
3,360 images, and formulate art exam assessment as a fine-grained intra-group ranking
problem under shared evaluation conditions. AED complements a scenario that has
been largely overlooked by existing single-image aesthetic assessment datasets, namely
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Fig. 6 Failure cases with large prediction ranking errors. Below each sample, Pred represents the
model’s predicted within-group ranking, and GT represents the true within-group ranking; a smaller
ranking value indicates higher quality. For samples with tied true scores, a ranking interval is used.

the assessment of multiple works created under the same proposition, category, and
examination conditions. We further provide DPAR-Net as an initial reference architec-
ture for this benchmark. Experimental results show that DPAR-Net achieves higher
mean SRCC, PLCC, and Pair Acc than several representative image aesthetic assess-
ment methods and ranking-oriented baselines under the group-disjoint evaluation
protocol.

Our experiments reveal two key observations. First, directly applying traditional
single-image aesthetic assessment models to art exam assessment still has limita-
tions. Second, group-conditioned modeling is useful for recovering fine-grained relative
ordering among works created under shared evaluation conditions. These findings sug-
gest that art exam assessment should be studied not only as single-image aesthetic
prediction, but also as a group-based visual comparison problem.

This work provides a feasible direction for preliminary screening, intra-group rank-
ing, and auxiliary assessment of art exam works, and also offers a data foundation and
methodological reference for future research on intelligent assessment under shared
evaluation conditions. More broadly, AED can support future work in visual comput-
ing and computer graphics by providing a structured benchmark for artistic image
understanding, fine-grained visual comparison, and group-conditioned visual analysis.
In future work, we will first validate the model in small-scale and controlled exam
scenarios, and continue to collect more theme-based works to further evaluate and
improve the generalization ability of the model. We will also attempt to incorporate
expert comments and higher-level evaluation criteria, and explore the fusion of visual
features with professional evaluation language, so as to improve the practicality and
interpretability of the model in art education auxiliary assessment scenarios.
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