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Abstract

To cultivate students’ aesthetic development, teachers must
objectively interpret and evaluate the artistic qualities and
emotional resonance within their paintings—a process known
as aesthetic perception. This evaluation process is labor-
intensive and susceptible to biases due to variations among
individual teachers. Advances in artificial intelligence (Al)
motivate the use of Al-driven models to automate and en-
hance this aesthetic perception task. However, building ef-
fective Al-driven aesthetic perception models requires exten-
sive datasets, which are typically labor-intensive and costly
to gather. To address this, we propose a novel framework that
selectively identifies the most challenging dimensions of aes-
thetic perception for expert annotation, using Al-generated
pseudo-annotations to reduce cost and improve model perfor-
mance. Our framework integrates a multi-agent active learn-
ing strategy to systematically annotate scores across multiple
dimensions of aesthetic perception. Initially, we train an aes-
thetic perception model using a small, manually annotated
dataset, establishing primary annotation capabilities. Then,
this trained model generates pseudo-annotations for unla-
beled data across various aesthetic dimensions (e.g., humor,
happiness). To ensure annotation quality and relevance, a
multi-agent system evaluates these pseudo-annotations, iden-
tifying dimensions requiring expert human input based on
metrics such as model estimation confidence. Human ex-
perts provide targeted annotations selectively, refining the
dataset and guiding an iterative improvement cycle. Through
repeated refinement, the model progressively enhances both
its predictive accuracy and its automated annotation profi-
ciency. Our optimization approach dynamically balances ac-
curacy, annotation relevance, and human effort. Extensive ex-
periments conducted on two real-world datasets demonstrate
the effectiveness of our framework.

Introduction

To foster students’ aesthetic and cognitive development,
teachers must objectively interpret and evaluate the artistic
qualities and emotional resonance present in their artwork,
enabling effective and constructive feedback. This critical
process, termed aesthetic perception, demands significant
time and effort from educators. However, the subjectivity in-
herent in aesthetic evaluations often introduces biases stem-
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Figure 1: Human-Al collaboration decides which dimen-
sions of student paintings require human annotation to en-
hance the performance of the aesthetic perception model.

ming from variations in individual teachers’ experiences.
Traditional methods often struggle to systematically address
these complexities, making it challenging to provide stan-
dardized and high-quality assessments consistently.

In recent years, artificial intelligence (Al) has seen rapid
development, leading to its widespread integration in edu-
cation as a means to enhance the understanding and anal-
ysis of visual expression (Huang et al. 2025; Zhang et al.
2025a). Contemporary Al models are particularly adept at
extracting intricate visual and emotional features from paint-
ings, enabling deeper and more consistent interpretations
compared to traditional human assessments. For instance,
deep learning techniques have demonstrated significant suc-
cess in tasks such as aesthetic quality assessment and emo-
tional recognition in artwork (Lu et al. 2015; Kao, He, and
Huang 2017). By leveraging large-scale datasets, these Al-
driven approaches facilitate personalized and scalable solu-
tions, presenting novel opportunities to address the inherent
limitations of conventional educational evaluation practices.

To construct such an evaluation model, extensive and
high-quality labeled data are essential. But, in this domain,
there is a lack of sufficient labeled data, and the annotation
process is typically time-consuming and costly. Prior studies
have sought to mitigate this challenge using techniques such
as semi-supervised learning and transfer learning (Wang and
Shen 2017; Zhang, Miao, and Yu 2021; Zhang et al. 2024).
Although these methods partially alleviate the demand for
fully annotated datasets, they still rely heavily on substantial
labeled data and often struggle to deliver precise annotations
across multiple dimensions of aesthetic perception.



Therefore, our aim is to develop an accurate aesthetic
perception model while reducing the human effort required
to construct a large-scale labeled dataset. To this end, we
propose a Human-Al collaborative Painting Annotation
(HAPA) framework, which automatically evaluates paint-
ings across multiple aesthetic dimensions and identifies the
most challenging dimensions for targeted human annota-
tion. By focusing expert effort where it is most needed, our
framework enhances model performance while significantly
reducing annotation costs and human workload. Figure 1
illustrates the high-level pipeline of HAPA. More specifi-
cally, we begin by using a small amount of labeled data to
initialize the aesthetic perception model. This initial model
is then employed to generate pseudo-annotations for unla-
beled paintings in a batch-wise manner. For each incoming
batch, the model estimates scores across various aesthetic di-
mensions (e.g., humor, happiness). To determine which di-
mensions require expert intervention, we introduce a rein-
forcement learning (RL) agent for each dimension. These
agents collectively form a multi-agent evaluation system
that assesses the model’s predictions and identifies the most
challenging dimensions—those with poor predictive perfor-
mance—for human annotation. The overall objective of this
process is to optimize a trade-off: maximizing the percep-
tion model’s accuracy and confidence while minimizing the
cost of human annotation. Once human experts annotate the
selected dimensions in a batch, the newly labeled data are
added to the training set to incrementally retrain and im-
prove the aesthetic perception model. As the model evolves,
its ability to accurately and reliably annotate each aesthetic
dimension improves. Simultaneously, the accumulation of
high-quality labeled data enhances the stability and preci-
sion of the learning process. Through this iterative and tar-
geted strategy, the proposed HAPA framework facilitates
the construction of a high-performance aesthetic perception
model with minimal reliance on human annotation effort.

To summarize, our main contributions are as follows:

* We propose a novel human—AlI collaborative framework
for aesthetic perception that strategically enhances model
accuracy while significantly reducing annotation costs.
Our approach provides a general paradigm for human-in-
the-loop learning in multi-dimensional perception tasks.

* We develop a multi-agent active learning framework, in
which each agent is responsible for a specific aesthetic
dimension and learns to determine whether human an-
notation is needed by balancing model uncertainty and
annotation cost. This design enables fine-grained control
and scalability across diverse perception dimensions.

* We conduct extensive experiments to validate the effec-
tiveness, robustness, and interpretability of our frame-
work. Results show substantial cost reduction and consis-
tent performance gains, highlighting the HAPA’s practi-
cality and broader applicability.

Problem Formulation and Definitions

Our objective is to locate the most challenging aesthetic di-
mensions whose human annotation yields the greatest en-
hancement in the performance of the aesthetic perception
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Figure 2: An overview of HAPA. We initially employ an
aesthetic perception model to evaluate student paintings
across multiple perception dimensions. Then, each dimen-
sion is managed by a dedicated agent responsible for de-
termining whether it requires human annotation. Descrip-
tive statistics and attention-based graph networks encode the
current annotation state, enabling agents to learn optimal
dimension-selection policies guided by a reward allocation
strategy. The iterative process is designed to minimize anno-
tation costs while maximizing perception accuracy.

model. Formally, given a set of aesthetic perception dimen-
sions D = {d;,ds,...,dy} and an unlabeled student paint-
ing P, our objective is to identify a subset of challenging
dimensions D* C D for human annotation, such that the
resulting update to the aesthetic perception model M yields
the greatest overall performance improvement. In this set-
ting, dimensions in D* are labeled by human experts, while
the remaining dimensions D \ D* are automatically anno-
tated by the current model M. This selective annotation
strategy aims to maximize the expected gain in model per-
ception accuracy while minimizing human annotation effort.
We define the optimal subset D* as follows:

* /

D —arggg%V(D ,P), €))
where V(D’,P) denotes the optimal performance of the
perception model after human experts annotate D’ and the
model auto-annotates D \ D’ for painting P.

To achieve this goal, we propose a multi-agent reinforce-
ment learning-based active learning framework that identi-
fies and selects the most challenging perception dimensions
requiring human annotation. Multiple agents collectively se-
lect D* based on improving perception accuracy and reduc-
ing the cost of annotation. Agent. Given N aesthetic per-
ception dimensions, N agents are assigned, each agent re-
sponsible for making the decision on its corresponding di-
mension. Action. For each agent, the action space is defined
as a € {0,1}, where 1 denotes the dimension is manually
annotated, and O denotes it is annotated by the aesthetic per-
ception model. State. The state s of each agent encodes the
current dimension subset selection, providing contextual in-
formation for aesthetic perception evaluation. Reward. The
reward r reflects the effectiveness of the selected dimension
subset, combining (1) the performance improvement of the
aesthetic perception model from human annotations (posi-



tive reward) and (2) the total annotation cost (negative re-
ward). This reward is then distributed among agents based
on their individual contributions to the selection.

Methodology
Framework Overview

Figure 2 illustrates our proposed Human-Al collabora-
tive Painting Annotation (HAPA) framework. It employs
a multi-agent active learning (MAAL) strategy to optimize
annotation efficiency and enhance aesthetic perception per-
formance. Initially, HAPA trains an aesthetic perception
model with limited annotated data, enabling automated an-
notations across multiple aesthetic dimensions. During the
active learning phase, this trained model generates pseudo-
annotations for unlabeled data. A multi-agent reinforcement
learning (MARL) component strategically selects specific
aesthetic dimensions requiring additional human annotation
based on perception difficulty and dimensionality relevance.
Human experts annotate these selected dimensions, updating
the aesthetic model accordingly. This iterative MAAL pro-
cess significantly reduces annotation effort while progres-
sively improving the perception model accuracy.

Aesthetic Perception Model

As shown in Figure 3, aesthetic perception model serves two
purposes: (1) quantitatively assessing students’ aesthetic ca-
pability across multiple dimensions; (2) generating pseudo-
labels for unlabeled student paintings. The model has two
main components: a global aesthetic feature encoder that in-
tegrates CNNs and Transformers to capture color and emo-
tional features from student paintings; a set of dimension-
aligned evaluation heads, each tailored to evaluate a specific
aesthetic dimension based on the shared representation.

Global Aesthetic Feature Encoder. To extract both color
and emotional cues from student paintings, we design a
hybrid encoder combining Convolutional Neural Networks
(CNNs) and a Transformer. The CNN module comprises
two convolutional layers followed by two pooling layers.
The first block captures low-level visual features, such as
edges and textures, while the second block extracts higher-
level attributes related to color distribution and composi-
tional structure. The resulting feature maps are flattened and
fed into a Transformer encoder, which models global depen-
dencies and captures emotional semantics. The output is a
unified representation vector hgjoba that encodes both the
chromatic and affective characteristics of the input painting.

Dimension-Aligned Evaluation Heads. To evaluate var-
ious aspects of aesthetic perception, we employ a set of
dimension-aligned evaluation heads, each dedicated to a
specific aesthetic dimension (e.g., humor, curiosity, pain).
While these heads share a consistent architectural de-
sign—comprising two fully connected (FC) layers—they
are independently parameterized and trained to specialize
in their respective perceptual targets. Each evaluation head
takes the shared representation vector hgjopa as input and
produces a scalar prediction corresponding to its assigned
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Figure 3: The aesthetic perception model consists of a
global encoder for visual-emotional features and dimension-
aligned heads for multi-dimensional perception scoring.

aesthetic dimension. Formally, the output of the i-th evalu-
ation head is given by: §; = Head;(Rhgobal), Where Head;
denotes the i-th evaluation head, and §j; represents the pre-
dicted score for the ¢-th aesthetic dimension. By incorporat-
ing these heads, the model supports multi-dimensional aes-
thetic assessment in a unified and scalable manner.

Optimization. To effectively train the aesthetic perception
model, we propose a joint optimization strategy that updates
both the global aesthetic feature encoder and the dimension-
aligned evaluation heads. Our approach targets two key chal-
lenges: (1) learning from under-represented extreme percep-
tion scores, and (2) ensuring each evaluation head special-
izes in its corresponding aesthetic dimension.

To tackle the first challenge, we introduce a difficulty-
aware loss that focuses training on hard-to-predict samples.
Specifically, we adopt a focal-style regression loss that in-
creases the contribution of samples with large prediction er-
rors. For the i-th aesthetic dimension, this loss is defined as:

L) = (1 —exp(~lyi — %) (i —3)%, @
where y; is the ground-truth score, §; is the predicted score,
and 7 > 0 controls the focusing strength. When the pre-
diction error |y; — ;| is small, the loss is suppressed; when
the error is large, the loss is amplified, thereby guiding the
model to focus on difficult samples, especially those from
under-represented perception score regions.

To address the second challenge, we introduce a
dimension-specific regression loss to ensure accurate and in-

dependent modeling of each aesthetic dimension, defined as
the Mean Absolute Error (MAE):

3)

The loss for the i-th dimension-specific evaluation head
combines the difficulty-aware loss and the MAE loss. Dur-
ing training, each evaluation head is optimized using its own
loss to specialize in the corresponding aesthetic dimension.
Gradients from all heads are aggregated and backpropagated
to the shared encoder, enabling the model to learn both
global embeddings and accurate dimension predictions.

‘C]({e)g = |y2 - gz|

Multi-Agent Active Painting Annotation

Manual annotation of perceptual data is costly and labor-
intensive, especially when the annotation space involves
multiple aesthetic dimensions. To address this, we propose
a multi-agent active annotation framework that strate-
gically identifies (1) the most uncertain painting samples
and (2) the most ambiguous perceptual dimensions within



each selected sample. This two-stage selection process is
guided by uncertainty estimation and multi-agent reinforce-
ment learning (MARL), aiming to minimize human annota-
tion cost while maximizing perceptual modeling accuracy.

Stage I: Uncertainty-Based Painting Sample Selection.
Let = denote an unlabeled painting sample from a given
batch. Using the previously described perception model, we
obtain a trained model fy that produces multi-dimensional
predictions § = fy(z) € RY for the sample z, where N
is the number of perceptual dimensions. To identify sam-
ples for which the model exhibits the lowest confidence, we
compute an uncertainty score u(z) for each sample based
on the prediction uncertainty across the predicted dimen-
sions: u(x) + Zjvzl'}-l(g}j), where 7(-) denotes the
uncertainty measure (e.g., empirical variance across ensem-
ble predictions). The top-K samples with the highest uncer-
tainty score are selected to form the candidate batch 5 for
dimension-level exploration.

Stage II: Multi-Agent Dimension Selection. In this
stage, we introduce a multi-agent reinforcement learning
(MARL) framework to strategically identify which percep-
tual dimensions should be annotated for each selected sam-
ple. The objective is to maximize model improvement while
minimizing unnecessary human effort. To this end, the learn-
ing process is guided by three principles: enhancing predic-
tion accuracy, promoting semantic relevance among selected
dimensions, and penalizing excessive annotation.

For each sample x € B, the aesthetic perception model
generates a multi-dimensional prediction vector in RY,
where N denotes the number of perceptual dimensions. Cor-
respondingly, we create a set of N agents (Hester et al.
2018), with each agent dedicated to a specific dimension.
Each agent decides whether its assigned dimension should
be selected for human annotation, based on a learned policy
that integrates both statistical patterns and structural rela-
tionships among dimensions.

State Representation. To enable agents to make more
informed decisions, we develop two methods to derive state
representations: meta descriptive statistics, and GAT-based
representation. These methods capture both individual di-
mension characteristics and their interrelationships, which
is crucial for MARL agents to make informed decisions.
1) Meta Descriptive Statistics. For current selected aesthetic
dimension, we compute seven statistical descriptors: mean,
standard deviation, minimum, maximum, and the first, sec-
ond, and third quartiles, forming a 1 x 7 vector represent-
ing the overall statistical profile, denoted as S,,etq- This
structured representation provides each agent with a com-
pact and informative global view, facilitating an efficient as-
sessment of the distribution patterns among aesthetic per-
ception dimensions. 2) GAT-based representation. Based
on the hierarchical structure of aesthetic perception dimen-
sions (Zhang et al. 2024), we construct a graph G where each
node represents a dimension and edges encode semantic rel-
evance between dimensions. We then apply a Graph Atten-
tion Network (GAT) (Velickovic et al. 2017) to compute
attention coefficients that quantify the influence of neigh-
boring nodes, allowing each node’s embedding to be up-
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dated through weighted aggregation. The GAT-based state
representation Sg 41 captures the structural interdependen-
cies among current selected dimensions. Finally, we con-
catenate S,,etq and Sgar to form the state at the t-th it-
eration st = [Speta || Scar].

Reward. To promote efficient and balanced decision-
making in the human-Al collaboration process, we design
a reward mechanism that encourages agents to select di-
mensions that 1) improve prediction accuracy; 2) ensure
semantic relevance; and 3) minimize unnecessary human
intervention. The total reward r**! at iteration ¢ + 1 is
computed as a weighted sum of three components: ac-
curacy improvement (R,..), dimension relevance (R,.;),
and a penalty for annotation cost (Rpep). 1) Accuracy Im-
provement (R,..). This term quantifies the gain in model
performance based on the reduction in Mean Squared Er-
ror (MSE) after incorporating human-provided annotations:
Race = Ly — L4411, where £, and L, denote the MSE
values before and after annotation, respectively. A positive
value indicates improved prediction accuracy. 2) Dimen-
sion Relevance (R,.;). To ensure that the selected dimen-
sions are meaningful and complementary, we compute their
pairwise Pearson correlations based on GAT-derived embed-
dings: Rrer = >4, a,eps Pearson(eq, , €q, ), where DS is
the set of selected dimensions and ey, is the representation
of the d;-th dimension. 3) Penalty for Human Effort (Rpen).
To discourage excessive reliance on manual annotation, we
introduce a penalty proportional to the number of agents that
request human annotation in the current iteration. The over-
all reward is computed as: 7'T! = a - Ryee + B+ Ryet —
v - Rpen, where o, B, and ~y are hyperparameters that con-
trol the trade-offs among perception accuracy, dimensional
relevance, and human annotation cost.

Reward Allocation Strategy. To promote fair collabo-
ration and discourage redundant annotation requests, we de-
sign a reward allocation strategy that incentivizes deliberate
and confident actions. Let m; = ), a! denote the number
of agents that requested human annotation at time step ¢,
where a‘; = 1 indicates selection. If m; > 0, the total reward
rt+1 is distributed equally among these participating agents;
otherwise, all agents receive zero reward. This allocation
mechanism discourages excessive or low-confidence selec-
tions by reducing the reward share when too many agents
request annotation. It thereby reinforces a balance between
annotation efficiency and model improvement.

Policy Optimization. To enable agents to learn effective
dimension-selection strategies over time, we optimize their
decision-making policies using Deep Q-Learning. The goal
is to minimize the difference between the predicted Q-values
and the target values derived from actual rewards and future
estimates. The policy loss is defined as:

N
1 2

Lopolicy = N Zl (Q(Sia ai | 6,) — yzt) 4)

where the target Q-value is computed as: y! = r! + T -

max 41 Q(s!t al™ | 6,41). Here, T is the discount fac-

tor, and 6; denotes the parameters of the Q-network at iter-
ation ¢t. By minimizing this loss via gradient descent, each



CCPS BCPS
Baselines [ MSE  MAE RMSE MSE] MAE] RMSEJ] | MSE MAE RMSE MSE] MAE] RMSE]
CNN 02213 04117 04705 7357% 55.14% 48.59% | 0.1705 03399 04130 59.71% 4257% 3651%
ResNet 0.2292 04193 04787 7448% 55.95% 49.47% | 0.1863 03532 04317 63.12% 44.73%  39.26%
AlexNet | 02967 04896 05447 80.28% 62.28% 55.59% | 02616 04227 05115 73.74% 53.82% 48.74%
VGGNet | 0.2902 04832 0.5387 79.84% 61.78% 55.10% | 0.3124 04734 05589 78.01% 58.77%  53.09%
SqueezeNet | 0.2695 0.4625 05192 78.29% 60.06% 53.41% | 02761 04371 05254 75.12% 55.34%  50.10%
DenseNet | 02742 04673 0.5236 78.67% 60.48% 53.80% | 0.2393 04003 04892 71.29% 51.24%  46.40%
VAN 02327 04250 04824 74.86% 56.54% 49.85% | 0.1780 03409 04218 61.40% 42.74% 37.84%
MixMAE | 02359 04276 0.4856 7520% 56.81% 50.19% | 0.1881 0.3578 04337 63.48% 45.44%  39.54%
Rand 0.0705 02033 0.2656 17.02% 9.15%  8.92% | 00742 0.2053 02724 7141% 492%  3.74%
Kmeans++ | 0.0720 0.2043 02683 18.75% 9.59%  9.84% | 0.0736 02049 02714 6.66% 4.73%  3.39%
Margin 0.0698 0.1982 02642 16.19% 6.81%  8.44% | 00769 02040 02773 10.66% 4.31%  5.45%
Entropy | 0.0643 0.1926 02535 9.02% 4.10%  4.58% | 0.0765 02040 02766 1020% 431%  521%
Coreset | 0.0627 0.1934 02503 6.70% 4.50%  3.36% | 0.0755 02144 02748 9.01% 8.96%  4.59%
BatchBALD | 0.0647 0.1914 02543 9.58%  3.50%  4.88% | 0.0762 02072 02761 9.84%  5.79%  5.03%
BADGE | 0.0617 0.1914 02483 5.19% 3.50%  2.58% | 0.0721 0.1956 02686 4.72% 020%  2.38%
Bait 0.0629 0.1932 02509 7.00% 4.40%  3.59% | 00773 02073 02781 11.13% 5.84%  5.72%
VeSSAL | 0.0749 02071 02737 21.90% 10.82% 11.62% | 0.0712 0.1953 02667 3.51% 0.05%  1.69%
HAPA | 0.0585 0.1847 0.2419 — — — 0.0687 0.1952 0.2622 - — -

Table 1: MSE, MAE and RMSE comparison of all baselines on CCPS and BCPS. | indicate performance improvements.

agent incrementally improves its policy, enabling it to iden-
tify the most valuable dimensions for annotation in a cost-
effective and performance-aware manner.

Experimental Setup

Dataset. We evaluate the effectiveness of HAPA on a
dataset of 5138 classroom paintings collected from two el-
ementary schools in China: 2,889 from Changchun Primary
School (CCPS) and 2,239 from Baicheng Primary School
(BCPS). Each painting was independently evaluated by 16
art education experts. The scores were averaged and normal-
ized to a [0, 1] range across multiple aesthetic perception
dimensions, serving as ground-truth labels. For the active
learning setup, we randomly split the dataset into 80% for
training and 20% for testing. The test set is held out for per-
formance evaluation. Within the training set, a small subset
is initially labeled to train the perception model, while the
remaining samples serve as the unlabeled pool. In each iter-
ation, the model actively selects uncertain samples for anno-
tation, and the labeled set is gradually expanded.
Evaluation Metrics. To evaluate the efficacy of HAPA, we
consider two key aspects: perception accuracy and annota-
tion cost. For perception accuracy, we report Mean Squared
Error (MSE), Mean Absolute Error (MAE) and Root Mean
Squared Error (RMSE). where lower values indicate better
performance. To assess annotation cost, we track the total
number of human-annotated dimensions required during the
active learning process.

Baseline Algorithms. To comprehensively evaluate the
performance of our framework, we compare against two
categories of baselines, each targeting a different aspect
of the task: (1) the effectiveness of the aesthetic percep-
tion model, and (2) the efficacy of the proposed multi-
agent active learning strategy. Aesthetic Perception Model
Baselines. To assess the visual representation capability of
our model, we compare it with eight representative im-
age recognition methods, which are employed solely to ex-
tract visual features for aesthetic perception modeling. The
baselines include: CNN (Chauhan, Ghanshala, and Joshi

2018), a standard convolutional architecture; ResNet (Targ,
Almeida, and Lyman 2016), a deep residual network with
skip connections; AlexNet (Yuan and Zhang 2016), an
early deep CNN utilizing ReLLU and dropout; VGGNet (Si-
monyan and Zisserman 2014), which stacks small convo-
lutional filters for spatial consistency; SqueezeNet (Ian-
dola et al. 2016), a lightweight model with fewer param-
eters; DenseNet (Huang et al. 2017), which densely con-
nects layers to improve gradient flow; VAN (Guo et al.
2023), which integrates attention mechanisms for enhanced
feature localization; and MixMAE (Liu et al. 2023), a
self-supervised masked image modeling method for learn-
ing interpretable features. Active Learning Strategy Base-
lines. To validate the effectiveness of our Multi-Agent Ac-
tive Learning (MAAL) module, we compare it with nine
widely used active learning strategies integrated into the
same backbone framework. These include: Rand, which
selects dimensions randomly and serves as a naive base-
line; Kmeans++ (Arthur and Vassilvitskii 2006), which
promotes sample diversity via clustering-based initializa-
tion; Margin (Roth and Small 2006), which selects sam-
ples with the smallest prediction margins; Entropy (Wang
and Shang 2014), which prioritizes high-uncertainty sam-
ples; Core-set (Sener and Savarese 2017), which identifies
representative samples for improved generalization; Batch-
BALD (Kirsch, Van Amersfoort, and Gal 2019), which se-
lects informative batches by maximizing mutual informa-
tion, BADGE (Ash et al. 2019), which balances uncer-
tainty and gradient-based diversity; BAIT (Ash et al. 2021),
which minimizes MLE error bounds using Fisher informa-
tion; and VeSSAL (Saran et al. 2023), which performs effi-
cient and adaptive streaming batch selection with automatic
uncertainty-diversity balancing.

Experimental Results

Overall Performance. This experiment is conducted to
evaluate the overall effectiveness of HAPA in enhancing
aesthetic perception performance while reducing annota-
tion cost through multi-agent active learning. We compare
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HAPA with conventional image recognition models and
state-of-the-art active learning strategies on the CCPS and
BCPS datasets using MSE, MAE and RMSE as evaluation
metrics. As shown in Table 1, HAPA consistently outper-
forms all baselines in prediction accuracy. Compared to tra-
ditional models, it significantly reduces prediction error, and
compared to advanced active learning methods, it achieves
superior performance under the same annotation budget.
These results show two advantages of our approach: (1) the
multi-agent structure enables precise identification of hard-
to-predict aesthetic dimensions, ensuring annotation is tar-
geted and efficient; and (2) the framework delivers higher
accuracy than competing methods given the same level of
human annotation effort. Overall, HAPA offers a practical
and effective solution for Al-assisted art education.
Reward Function Analysis. This experiment is conducted
on CCPS dataset to evaluate the impact of different reward
configurations of HAPA. In our reward design, the penalty
term Rpen plays a critical role in controlling the number
of human annotations, thereby ensuring that the annotation
cost remains manageable. As such, R, is included in all
reward configurations evaluated in this experiment. We com-
pare three configurations: (i) R 4., Which combines the ac-
curacy reward with Rpey,; (ii) Ryer, which combines the rel-
evance reward with R .,; and (iii) Ry, which integrates
accuracy, relevance, and penalty terms. As shown in Fig-
ure 4, R,;; achieves the best performance across all evalu-
ation metrics. The superior performance of R,;; can be at-
tributed to its ability to jointly optimize prediction accuracy
and perceptual relevance while maintaining low annotation
cost. In contrast, R,.. and R,.; yield competitive but sub-
optimal results, as each focuses on only a single objective.
Notably, because all configurations include Ry, the num-
ber of human annotations remains consistent, ensuring a fair
comparison across settings. These results highlight the im-
portance of holistic reward design in human-AlI collabora-
tive tasks. They reflect that incorporating multiple dimen-
sions of model performance, rather than optimizing a single
objective, leads to more robust and effective outcomes under
constrained annotation budgets.

State Representation Analysis. This experiment is con-
ducted on CCPS dataset to compare the effectiveness of dif-
ferent state representation strategies in HAPA. We evaluate
three variants: (i) Sy,etq, Which encodes meta-level descrip-
tive statistics; (ii) Sg a7, which captures relational structure
via a graph attention network; and (iii) S,;;, which com-
bines both representations. Figure 5 shows that S,;; con-
sistently achieves the best performance across all evalua-
tion metrics. Initially, Sg o7 performs better than S, ¢, due
to its ability to capture complex inter-dimensional relation-
ships. However, after approximately 30 training iterations,
Sineta begins to outperform Sg 47, reflecting its growing ef-
fectiveness in modeling global statistical trends. By integrat-
ing both descriptive and relational information, S,;; lever-
ages their complementary strengths and further improves the
model’s predictive accuracy and stability. In addition, the
number of human annotations stabilizes after around 10 it-
erations under the control of the reward mechanism, ensur-
ing consistent annotation cost across settings. These find-
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Figure 6: Top 10 dimensions by annotation frequency
(above) and prediction error (below).

ings highlight the importance of hybrid state representations.
While Sgar is advantageous in the early stages due to its
fine-grained relational modeling, S,,.t, becomes increas-
ingly robust over time. Their combination in S,;; offers a
more comprehensive and adaptive representation, making it
well-suited for dynamic decision-making in human-AlI col-
laborative environments.

Annotation Dimension Analysis. This analysis is con-
ducted to investigate which aesthetic perception dimensions
most frequently require human annotation and to exam-
ine their corresponding prediction errors. As shown in Fig-
ure 6, the ten most frequently annotated dimensions in-
clude Relaxed-tense, Simple—complex, Negative emotion,
Line, and Happiness, among others. Dimensions such as
Relaxed—tense and Simple—complex appear with high fre-
quency, indicating that stylistic attributes involving subtle
interpretation and high subjectivity are particularly chal-
lenging for the model to predict. These dimensions rely



heavily on context, subjective judgment, and subtle artis-
tic cues that are difficult to capture through visual features
alone. On the other hand, emotional dimensions like Nega-
tive emotion and Happiness exhibit relatively high predic-
tion errors, suggesting the model’s limited ability to infer
affective intent and cultural meaning embedded in students’
artworks. The gap between predicted and actual scores high-
lights the inherent difficulty of modeling human emotion
and experience using computational approaches. These find-
ings indicate that while Al-based aesthetic perception mod-
els effectively learn structured visual patterns, they struggle
to generalize to abstract, subjective, or emotionally rich di-
mensions. Human expertise remains indispensable for accu-
rate, context-aware annotation, especially in tasks requiring
deeper emotional or cultural insight.

Related Works

Al Empowerment Aesthetic Education benefits greatly
from the integration of Al technologies, which enhance
the development of students’ perceptive and creative abil-
ities. Recent research emphasizes the importance of accu-
rately identifying emotional and visual elements within art-
works, facilitating deeper artistic engagement and interpre-
tation (Bhandari, Chang, and Neben 2019; Whiting 2023).
By guiding students to understand subtle expressions and
underlying artistic contexts, Al-supported methods effec-
tively foster richer aesthetic appreciation. Annotations of
artwork have also been valuable in guiding students’ artis-
tic creation, helping them articulate originality and refine
technical skills (Mao, Hong, and Nguyen 2023; Jin et al.
2022). Moreover, cognitive studies, particularly involving
children, demonstrate that annotations provide meaningful
insights into non-verbal emotional and cognitive develop-
ment (Juanzi et al. 2019; Qiming and Renganathan 2024;
Zhang et al. 2025b). Collectively, these perspectives high-
light the significant potential of human-AlI collaboration in
supporting students’ comprehensive aesthetic growth, ensur-
ing emotional depth, cultural context, and creativity are ap-
propriately recognized and nurtured within educational en-
vironments (Agboola and Yassin 2025; Zhang et al. 2024).

Multi-Agent Reinforcement Learning (MARL) focuses
on optimizing interactions and coordination among multi-
ple agents in a shared environment to maximize cumula-
tive rewards (Chen et al. 2024). A dominant framework is
centralized training with decentralized execution (CTDE),
where agents exploit global information during training but
make independent decisions at execution, balancing cooper-
ation and autonomy (Agarwal et al. 2021). Algorithms such
as Deep Q-Networks (DQN) and actor—critic methods are
widely adopted for their effectiveness in handling shared re-
wards and ensuring stable convergence in cooperative multi-
agent settings (Xiao et al. 2023; Wang et al. 2021). Recent
advances integrate representation learning to extract com-
pact, task-relevant features from high-dimensional inputs,
improving performance in complex environments (Lin et al.
2018). Despite these advances, MARL suffers from slow
convergence, especially in large action spaces. Reward shap-
ing and hierarchical reinforcement learning have been ex-
plored to accelerate training while maintaining policy qual-
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ity (Liu et al. 2019, 2025). Additionally, attention mecha-
nisms and inter-agent communication protocols enhance co-
ordination under dynamic or partially observable conditions
(Yang et al. 2018). Improving the efficiency and scalability
of MARL remains a critical research challenge.

Active learning has gained significant attention for its abil-
ity to reduce annotation costs by selecting the most informa-
tive samples for labeling. Recent research focuses on opti-
mizing selection strategies to improve efficiency and adapt
to domain-specific challenges. Batch selection methods that
maximize mutual information and gradient diversity have
shown notable advantages in identifying valuable samples
(Rubashevskii, Kotova, and Panov 2023). Diversity-based
approaches, such as probabilistic coverage and Bayesian es-
timation, further enhance performance in low-budget set-
tings (Wang, Chen, and Du 2023; Melo et al. 2024). Ap-
plications in areas like biomedical image segmentation con-
firm that AL can significantly lower annotation efforts while
maintaining high model accuracy (Gaillochet, Desrosiers,
and Lombaert 2023). The integration of AL with semi-
supervised and self-supervised techniques has gained trac-
tion, effectively combining labeled and unlabeled data to re-
duce costs without compromising performance (Gao et al.
2020). Addressing distribution shifts in biased datasets re-
mains an ongoing challenge, with recent solutions focusing
on improving model robustness through targeted sampling
and reweighting strategies (Adachi et al. 2024).

Conclusion

In this paper, we present a human-Al teaming framework
for optimizing aesthetic perception annotation through the
integration of automated modeling and targeted human in-
tervention. The framework comprises two key components:
an aesthetic perception model and a multi-agent active an-
notation system. The aesthetic perception model combines a
global aesthetic encoder with dimension-specific evaluation
heads, enabling the model to learn both general and fine-
grained perceptual features. Trained initially on a small la-
beled dataset, the model generates pseudo-annotations for
unlabeled data across multiple aesthetic dimensions. To im-
prove annotation efficiency, we introduce a multi-agent ac-
tive learning mechanism in which each agent is responsi-
ble for determining whether its corresponding dimension re-
quires human annotation. The decision process is guided
by a reward function that jointly optimizes model perfor-
mance, annotation cost, and dimension relevance. Annotated
data provided by human experts are incrementally incor-
porated into the model, allowing continuous refinement of
perception accuracy. This collaborative learning cycle en-
sures that the system evolves through the complementary
strengths of humans and Al. Experimental results demon-
strate that our framework consistently outperforms strong
baselines, achieving higher predictive performance with re-
duced human annotation effort. In future work, we aim to
explore transfer learning to adapt the aesthetic perception
model across diverse student groups and cultural contexts.
This would enhance the model’s generalizability while re-
ducing annotation effort, ultimately supporting more inclu-
sive and scalable applications in Al-assisted art education.
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