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Abstract: Computational aesthetics, as an interdisciplinary field that connects mathematics, computer science and art
studies, has always revolved around the core proposition of "scientification of aesthetics" in its development. This
paper systematically reviews the evolution of computational aesthetics from classical quantitative exploration to
modern deep learning-driven development, reveals the triple limitations of traditional theories in subjective perception
modeling, dynamic context capture, and cultural adaptability, and proposes a new paradigm of "dynamic perception
+ cultural adaptation”. By integrating cognitive science experiments with the verification of Eastern aesthetic
principles, the new paradigm breaks through the boundaries of traditional theories, providing interdisciplinary
theoretical support for the leap of computational aesthetics from a "tool method" to an "independent discipline".
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1. Introduction technology and artificial intelligence, computational
The scientific exploration of aesthetic research has aesthetics has finally moved from a marginal
always been the core proposition that the academic discipline to the center of the academic stage. The
circle attempts to solve the "essence of beauty". Its emergence of CNN (such as ResNet) has completely
development process, from the early vague perception overturned the traditional research paradigm
of "beauty" to the current quantitative analysis with the dominated by formal rules - automatically extracting
aid of computing tools, not only bears witness to high-level semantic features of images (such as the
humanity's inquiry into the essence of beauty, but also cross-density of brushstrokes and the gradient rules of
reflects the profound transformation of humanistic colors) through hierarchical convolution. It can
research by science and technology. accurately  distinguish  Van  Gogh's rotating
As early as the beginning of the 20th century, the brushstrokes from Monet's mottled light and shadow,
ideological sprouts of computational aesthetics had achieving the automatic classification of artistic styles.
already quietly taken root. Birkhoff (1933) first Meanwhile, LSTM (such as Long Short-Term
proposed the "order-complexity ratio" in "Aesthetic Memory Networks) began to focus on the dynamic
Measurement", attempting to capture the "beauty" of process of "how the human eye sees" : by using
painting with mathematical formulas. Although this sequence modeling to capture the attenuation of
innovation was criticized as "simplifying beauty to attention when the gaze point shifts from the main
geometric rules", it pioneered the study of "aesthetics subject to the background of the picture, it made up for
using scientific methods". Subsequently, Shannon the lack of representation of "temporal beauty" in
(1948) information entropy theory further broadened static models. The rise of multimodal research has
the quantification path: he defined image complexity further promoted the cross-disciplinary integration and
as the uncertainty of pixel distribution and proposed expansion of computational aesthetics - the semantic
the hypothesis that "low entropy corresponds to high alignment of images and text, and the emotional
order aesthetics", providing an information theory coordination of audio and video, enabling the analysis
basis for image aesthetic assessment. Although these of "beauty" to shift from a single sense to multi-
early explorations did not explicitly propose the dimensional interweaving. These technological
discipline name "computational aesthetics", they laid breakthroughs mark a crucial step for computational
the core methodology for it - using computational aesthetics from "fragmented tool methods" to
tools to analyze aesthetic laws. As Li Yanzu (2006) "systematic disciplinary exploration".

pointed out in "Introduction to Aesthetics" : "At this However, even at the peak of technological innovation,
time, aesthetics is more like a scalpel, attempting to computational aesthetics has not yet fully established
cut open the shell of 'beauty’', but has not yet formed its status as an independent discipline. The core
an independent disciplinary system." contradiction follows closely like a shadow

The real turning point occurred at the end of the 20th Firstly, the "black box" predicament of subjective
century. With the breakthroughs in computer perception. Although deep learning models can
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efficiently predict aesthetic scores, they struggle to
explain "why certain features evoke a sense of beauty"
- CNN can recognize that "rotating brushstrokes" are
the key to Van Gogh's style, but it cannot answer "why
such brushstrokes make people feel 'dynamic and
passionate"'. The disconnection between features and
perception hinders the model from delving deeply into
the essence of aesthetics.

Secondly, the response to dynamic contexts lags
behind. Static models cannot simulate the "living
perception” of the human eye - when the viewer first
gazes at the main subject of the painting and then
listens to the background music, the aesthetic feeling
will change over time. However, existing models can
only capture the static features at a single point in time
and are difficult to restore this dynamic experience.
Thirdly, there is an inherent deficiency in cross-
cultural adaptation. The implicit rules of cultural
preferences such as the "reserved beauty" of the East
and the "drama" of the West have not been explicitly
encoded. The "blank space" artistic conception of
Chinese ink wash painting may be misjudged as
"monotonous" in models trained with Western data
due to low color contrast. This cultural
misinterpretation restricts the universality of the
model.

These pain points are both the "stumbling blocks" to
the development of computational aesthetics and the
"compass" for its leap towards an "independent
discipline". This article systematically reviews the
evolution of computational aesthetics from its
"quantitative germination" to its "disciplinary
formation", analyzes the existing contradictions, and
proposes a new paradigm of "dynamic perception +
cultural adaptation", aiming to build a more solid
theoretical foundation for computational aesthetics
and truly elevate it from a "technical tool" to an
independent discipline that is "interpretive, cross-
domain, and growable". Open up a new path for the
scientific research of aesthetics.

2. The theoretical origin of computational
aesthetics: From the quantitative bud to the
disciplinary formation

2.1 Thought Germination: Quantitative
Exploration of Classical Theory (1930s-1980s)

The ideological origin of computational aesthetics can
be traced back to Birkhoff (1933) "Aesthetic
Measurement”, which was the first to incorporate
aesthetic issues into the framework of mathematical
analysis and proposed the quantitative index of "order-
complexity ratio", attempting to objectively measure
the "beauty" of painting through formal rules such as
symmetry and proportion. Although this attempt was
criticized for "oversimplification", its pioneering
nature lies in introducing the scientific method into
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aesthetic research, laying a methodological foundation
for subsequent quantitative exploration - as scholars
put it, "Birkhoff's contribution does not lie in the
perfection of the conclusion, but in being the first to
prove that 'beauty’ can be calculated" (Smith, 1952).
Shannon (1948) theory of information entropy
provides a new theoretical support for quantitative
paths. It defines image complexity as the uncertainty
of pixel distribution and proposes the hypothesis that
"low entropy corresponds to high order aesthetics".
This idea has been applied in the assessment of image
aesthetics, for instance, by analyzing the entropy value
of the color histogram to determine the "orderliness"
of the picture, or by evaluating the "chaotic beauty" of
abstract paintings through the entropy value of texture
distribution. At this point, the core methodology of
computational aesthetics was initially formed:
capturing the objective laws of aesthetic forms with
mathematical models (Li Yanzu, 2006).

Li Yanzu (2006) systematically reviewed the research
achievements of this period in "Introduction to
Aesthetics", pointing out that its core contribution lies
in "shifting aesthetics from pure philosophical
speculation to scientific computing", but also
emphasized: "At this time, computational aesthetics
was closer to instrumental methods and had not yet
formed an independent research paradigm and a
complete theoretical system." This judgment precisely
summarizes the characteristics of the early research -
the technical tool attribute is distinct, but the attention
to the essential explanation of "beauty", cross-modal
correlation and cultural differences is still insufficient,
laying the development clues for the subsequent
formation of the discipline.

2.2 Discipline Formation: Paradigm Shift Driven
by Deep Learning (1990s to Present)

At the end of the 20th century, with the breakthrough
progress of deep learning technology, computational
aesthetics research witnessed a crucial turning point -
gradually shifting from the early reliance on manually
designed formal rule quantification to a data-driven
multi-feature fusion paradigm. At this stage, deep
models represented by convolutional neural networks
(CNN) and recurrent Neural networks (RNN) have
provided computational aesthetics with more powerful
feature extraction and time series modeling
capabilities, promoting its development towards
"multi-dimensional perception and analysis".
Specifically, CNN (such as ResNet and VGG) can
automatically extract high-level semantic features in
images (such as the cross-density of brushstrokes and
the gradient rules of colors) through hierarchical
convolution operations, breaking through the
limitation of classical theories that only rely on single
formal rules such as symmetry and proportion. For
example, in the task of art style classification, CNN
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can capture the microscopic features of rotating
brushstrokes in Van Gogh's oil paintings to distinguish
them from the distribution of light and shadow in
Monet's Impressionist works, achieving the
automation of style recognition (Li et al., 2017).
Meanwhile, RNN (such as LSTM and GRU) attempt
to capture the temporal perception dynamics of the
human eye during the viewing process through
sequence modeling capabilities - such as the
attentional attenuation law when the viewpoint shifts
from the main subject to the background of the picture,
compensating for the insufficiency of static models in
representing dynamic aesthetic experiences (Zhang et
al., 2019). These technological advancements mark
the advancement of computational aesthetics from a
"instrumental approach" to a "systematic discipline".
However, although deep learning has injected new
vitality into computational aesthetics, the research at
this stage has not yet fully established its independent
disciplinary status. The core contradictions are
reflected in the following three aspects:

Firstly, the theoretical system is fragmented. Most
existing studies focus on a single task (such as image
aesthetic scoring, style transfer, and cross-modal
retrieval), lacking a unified explanatory framework for
the "essence of aesthetics". For instance, although
CNN can efficiently classify artistic styles, it has
difficulty answering the fundamental question of "why
are certain styles generally regarded as' beautiful '?"
Although RNN can model temporal perception, it has
not established a theoretical correlation between "gaze
trajectory and aesthetic intensity". This task-oriented
research paradigm has led to the dispersion of the
theoretical foundation of computational aesthetics and
made it difficult to form a disciplinary consensus (Li
Yanzu, 2018).

Secondly, the methodological limitations. The "black
box" feature of deep learning makes the association
between features and perception difficult to explain.
Take CNN as an example. Although the features
extracted by its convolutional kernels (such as edges
and textures) can predict aesthetic scores, it cannot
clearly determine which features correspond to
subjective experiences such as "harmony" or
"conflict". This "computable but unexplainable”
predicament limits the model's in-depth exploration of
aesthetic laws and also hinders its cross-integration
with disciplines such as cognitive science and
psychology (Gucluturk et al., 2020).

Thirdly, there is insufficient cross-domain adaptation.
The quantification of cultural preferences such as the
"subtle beauty" of the East and the "drama" of the West
has not been given sufficient attention. Most of the
existing models are trained based on Western art data
(such as oil paintings and photographic works in
ImageNet), and lack explicit coding for cultural
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specific features such as the "blank space" artistic
conception of Eastern ink wash painting and the
"imperfect beauty" of Japanese wabi-sabi aesthetics.
For instance, the layout of "sparse enough for horses
to ride and dense enough for air to pass through" in
Chinese ink wash painting might be misjudged as "low
aesthetic appeal” in traditional models due to low color
contrast, resulting in widespread cross-cultural
evaluation biases (Chen et al., 2021).

In conclusion, although deep learning has driven a
paradigm shift in computational aesthetics, the
fragmentation of its theoretical system, the limitations
of its methodological interpretation, and the
insufficiency of cross-domain adaptation remain the
key obstacles restricting it from becoming an
independent discipline. These issues also point out the
direction for subsequent research - it is necessary to
construct a unified aesthetic interpretation framework,
enhance the interpretability of the model, and
strengthen the explicit modeling of cultural contexts.

3. Paradigm Reconstruction: A New Framework
for Dynamic Perception and Cultural Adaptation
3.1 The background of the new paradigm's
proposal

Facing the core contradictions of computational
aesthetics in terms of fragmented theoretical systems,
limited  methodological  interpretations, and
insufficient cross-domain adaptation, this paper
proposes a new paradigm of computational aesthetics
of "dynamic perception + cultural adaptation" (Figure
1). The proposal of this paradigm is not only a targeted
response to the limitations of traditional theories but
also an active adaptation to the scientific demands of
aesthetic research. Its core objective lies in
constructing an interpretable, dynamic, and cross-
cultural aesthetic quantification system, promoting the
leap of computational aesthetics from a "technical
tool" to an "independent discipline".

Specifically, the proposal of the new paradigm stems
from three practical demands:

Firstly, the need for theoretical integration. Most
existing studies focus on a single task (such as image
classification and style transfer), lacking a unified
explanatory framework for the "essence of aesthetics".
For instance, although CNN can efficiently categorize
artistic styles, it fails to answer the question "Why are
certain styles generally regarded as' beautiful '?"
Although RNN can model temporal perception, it has
not established a theoretical association of "gaze
trajectory - aesthetic intensity" (Li Yanzu, 2018). The
new paradigm needs to integrate subjective perception,
dynamic context and cultural differences to form a
unified interpretation model covering "form - time
sequence - culture".

Secondly, the need for technological breakthroughs.
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The "black box" feature of deep learning makes it
difficult to explain the correlation between features
and perception, and static models cannot simulate the
dynamic perception process of the human eye. For
example, when viewers view paintings, their attention
shifts from the subject to the background over time,
and the aesthetic experience changes accordingly.
However, existing models can only capture the static
features at a single point in time (Zhang et al., 2019).
The new paradigm needs to break through the
technical boundaries of static analysis through spatio-
temporal attention and time series modeling to achieve
dynamic capture of "living aesthetics".

Thirdly, the need for cross-domain adaptation. The
implicit rules of cultural preferences such as the
"subtle beauty" of the East and the "drama" of the West
have not been explicitly encoded, resulting in the
widespread existence of cross-cultural assessment
biases. For instance, the artistic conception of "leaving
blank space" in Chinese ink-wash painting might be
misjudged as "monotonous" in models trained with
Western data due to low color contrast (Chen et al.,
2021). The new paradigm needs to explicitly embed
the cultural feature database and solve the adaptability
problem of cross-cultural assessment through a
dynamic weight adjustment mechanism.

Based on the above requirements, the new paradigm
has constructed a dual-wheel drive framework of
"dynamic perception + cultural adaptation" : The
dynamic perception module simulates the temporal
perception process of the human eye through the
spatio-temporal attention mechanism, capturing cross-
modal and cross-temporal aesthetic changes; The
cultural adaptation module explicitly encodes the
cultural feature library and dynamically adjusts the
feature weights to avoid cross-cultural evaluation
biases. The two work together to form a complete
chain from "formal quantification" to "meaning
understanding", providing methodological support for
the disciplinary formation of computational aesthetics.
3.2 Dynamic perception module: Simulates the
temporal perception process of the human eye

The core of the new paradigm of "dynamic perception
+ cultural adaptation" lies in building a trinity aesthetic
quantification system of "form - time sequence -
culture". Through the dynamic perception module, it
captures the perception process of the human eye as
the scene changes, and through the cultural adaptation
module, it solves the cross-cultural evaluation bias.
The two work together to form a complete chain from
"feature extraction" to "meaning understanding".
3.2.1 Module Overview and Core Mechanism

The dynamic perception module is one of the core
components of the new paradigm of "dynamic
perception + cultural adaptation". Its design
inspiration comes from the theory of "dynamic
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distribution of attention with the scene" in cognitive
science (Posner & Petersen, 1990), aiming to break
through the representation limitations of static models
for the "eye-scene" interaction process. This module,
through the spatio-temporal attention mechanism,
synchronously captures the dynamic correlation
between the spatial dimension (cross-modal feature
alignment) and the temporal dimension (temporal
perception changes), simulating the natural perception
behavior of "focusing on key areas and following the
flow of time" during human viewing, and ultimately
achieving quantitative modeling of "living aesthetics".
3.2.2 Spatial attention: Weighted alignment of
cross-modal features

The core objective of spatial attention is to address the
defect of static models in "equal processing of cross-
modal features" and to enhance the correlation of key
features through dynamic weighting mechanisms.

(1) Feature extraction and correlation calculation
Firstly, the model respectively extracts the local visual
features of the image (such as the texture feature of the
"blank area" extracted by CNN), the semantic features
of the text (such as the word vector of "emptiness"),
and the acoustic features of the audio (such as the
spectral features of the overtones of the gugqin).
Subsequently, the correlation matrix M_ {cross} of the
three is calculated to quantify the semantic association
degree between the local area of the image and the text
keywords and audio clips.

(2) Dynamic weight allocation

Based on the correlation matrix M_ {cross}, the model
assigns dynamic weights to spatial features
w_{spatial}:

w_{spatial}(i,j,k) =
\frac{\exp(M_{cross}i,j,k))H{\sum_{i",j',k'}
\exp(M_{cross(i',j',k'))}

Among them,i,j,k Indexes representing local areas of
images, text keywords, and audio clips respectively.
The higher the weight, the greater the contribution of
features in cross-modal fusion.

(3) Case Verification: The Perception of "Blank space”
in Chinese Landscape Painting

Taking the analysis of Chinese landscape paintings as
an example, the model recognizes the "blank areas"
(local features of the image) that account for 30% of
the picture, and calculates the correlation with the
"emptiness and silence" (text keywords) in the text
description and the "overtones of the guqin" (audio
clips) in the audio. The results show that the
correlation score between the "blank area" and the two
(0.82) is significantly higher than that of the "mountain
contour" (0.45). Therefore, the model assigns a higher
weight (0.7) to the low color saturation feature of the
"blank area", strengthening its semantic association
with "emptiness beauty". This weighting mechanism
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simulates the behavior of the human eye
"automatically focusing on key areas" during viewing,
avoiding the mechanical equal processing of all
features in traditional models.
3.2.3 Temporal Attention: Dynamic Modeling with
temporal Perception
The core objective of temporal attention is to address
the issue that static models fail to capture the "impact
of time passage on aesthetics", and to drive the
temporal adjustment of feature weights through eye
movement trajectory data.
(1) Eye movement trajectory data collection and
preprocessing
The eye tracker records the coordinates and
timestamps of the viewer's gaze points during the
viewing process (with an accuracy of 0.1 seconds),
extracts key time nodes (such as "Gaze at the main
subject of the painting for 3 seconds" and "transfer to
the audio player for 5 seconds"), and generates a
sequence of time series labels T={t_1,t 2, ..., t_n\}.
(2) Dynamic adjustment of time series weights

Based on the temporal label sequence T, the
model assigns temporal weights to cross-modal
featurew_{temporal}(t):
w_{temporal}(t) =
\text{Softmax}\left( MLP\left( [F_{img}(t), F_{txt}(t),
F_{aud}(t)]; T \right) \right)
Among them,F_{img}(t). F_{txt}(t). F_{aud}(t) They
are the image, text and audio features at time t
respectively, and MLP is a multi-layer perceptron. The
weights change dynamically over time, reflecting the
shifting trend of the audience's attention.
(3) Case verification: The aesthetic transformation of
"viewing the main subject first and then listening to
the background music"
In the experiment of "first viewing the main subject of
the painting (3 seconds) — then listening to the
background music (5 seconds)", the model recorded
that in the first 3 seconds, the gaze point was
concentrated on the main subject of the image (such as
a person's face), and the image feature weight w_{img}
remained at 0.6-0.7. In the last 5 seconds, the gaze
point shifts to the audio player, and the audio feature
weight w_{aud} gradually increases from 0.2 to 0.5.
This dynamic adjustment enables the model to capture
the "impact of the passage of time on aesthetic
experience" - as the audience shifts from "focusing on
visual details" to "sensing the overall atmosphere", the
aesthetic score output by the model shows a trend of
"stabilizing at first and then rising" over time, which is
highly consistent with the real subjective experience.
3.2.4 Module Value: The Leap from "Static
Analysis" to "Dynamic Perception"
As a core technical component of the new paradigm of
"dynamic perception + cultural adaptation", the

122

dynamic perception module has achieved a
fundamental breakthrough in the traditional static
analysis model through the deep integration of spatio-
temporal attention mechanisms, laying a key
foundation for the construction of a trinity aesthetic
quantification system of "form - time series - culture".
Its value is specifically reflected in the following two
aspects:

(1) Spatial dimension: Break through the limitation of
"equal processing" and simulate the "focusing"
behavior of the human eye

Traditional static models adopt an "equal weight"
strategy for the fusion of cross-modal features,
ignoring the natural mechanism of "selectively
focusing on key regions" in human perception. The
dynamic perception module precisely simulates this
behavior through a cross-modal feature weighted
alignment mechanism: Firstly, it extracts local visual
features of the image (such as the texture of the "blank
area'), text semantic features (such as the word vector
of "emptiness"), and audio acoustic features (such as
the spectrum of the overtones of the guqin), and
calculates the correlation matrix among the three.
Based on this matrix, feature weights are dynamically
allocated to enable high-correlation features (such as
the strong association between "blank areas" and
"emptiness") to obtain higher weights in the fusion
process. This weighting mechanism not only
strengthens the semantic binding of "key regions -
semantics", but also fundamentally solves the
inefficient problem of static models "indiscriminately
processing all features", enabling the model to learn to
"focus like a human".

(2) Time dimension: Restore the "living perception”
process and capture the changes in the aesthetic sense
of time sequence

Static models can only capture the features at a single
point in time and cannot simulate the dynamic
perception of the human eye as time flows. The
dynamic perception module quantifies the "temporal
dimension beauty" through the adjustment of temporal
weights driven by eye movement trajectories: by using
an eye tracker to collect fixation point coordinates and
timestamps, typical temporal behaviors such as
"looking at the subject first and then listening to the
background music" are extracted. Dynamically adjust
the cross-modal feature weights based on the temporal
label sequence - when the main subject of the image is
focused for the first 3 seconds, the image feature
weights remain at a high level (such as "stroke
density"); When the last 5 seconds are transferred to
the audio, the weights of the audio features gradually
increase (such as "rhythm and cadence"). This
dynamic adjustment enables the model to capture the
"impact of the passage of time on aesthetic
experience". For instance, when the audience shifts
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from "focusing on visual details" to "sensing the
overall atmosphere", the aesthetic score output by the
model shows a trend of "stabilizing at first and then
rising", which is highly consistent with the real
subjective experience, truly achieving the quantitative
restoration of "living perception".

(3) Connection function: Provide dynamic multimodal
input for cultural adaptation, supporting the three-in-
one system

The output of the dynamic perception module is not
only an independent dynamic feature but also a key
input for the cultural adaptation module. The "spatial
focus features" (such as the low saturation of the
"blank area") and "temporal sequence features" (such
as the weight changes of "looking at the subject first
and then listening to the background music") captured
by it provide the cultural adaptation module with
"dynamic + multimodal" contextual information. For
instance, when evaluating Chinese ink-wash paintings,
the "high-weight blank area" signal output by the
dynamic perception module will trigger the cultural
adaptation module to increase the weight of cultural
features related to "reserved beauty", and ultimately
jointly output the quantified result of "dynamic
balanced aesthetic sense". This connection ensures
that  "formal quantification" and "cultural
significance” are no longer separated, truly
establishing a trinity aesthetic quantification system of
"form - time sequence - culture".

In summary, the dynamic perception module, through
the spatio-temporal attention mechanism, not only
breaks through the technical boundaries of static
models but also promotes the leap of computational
aesthetics from a "instrumental method" to an
independent discipline that is "interpretable, dynamic,
and cross-cultural” from the "perception simulation”
level, providing crucial methodological support for
subsequent research.

3.3 Quantitative methods for cultural adaptation
3.3.1 Module Overview and Core Mechanism

The cultural adaptation module is the core component
of the new paradigm of "dynamic perception + cultural
adaptation" to break through the "cross-cultural
evaluation bias". Its essence is to transform implicit
cultural preferences into computable aesthetic rules.
By explicitly encoding cultural-specific logic, the
model can "understand" the differences in the
definition of "beauty" among different cultures and
output quantitative results that are in line with the
target cultural context.

The core mechanism of this module can be
summarized as "Explicit cultural rules - dynamic
weight mapping" : Firstly, by constructing a cultural
feature database, scattered cultural preferences (such
as "blank space" in the East and "full map" in the West)
are transformed into structured feature vectors;

123

Subsequently, based on the target cultural scene, the
feature weights are dynamically adjusted to give
priority to the aesthetic attributes related to the target
culture during the model calculation process. This
mechanism breaks through the limitation of the
traditional model that "cultural rules are hidden in
data", achieving a leap from "passive adaptation" to
"active understanding".

3.3.2 Cultural characteristics: Explicit coding of
implicit rules

The core prerequisite for cultural adaptation is to
transform  implicit cultural preferences into
computable aesthetic rules - the model needs to
"understand" the differences in the definition of
"beauty" among different cultures, rather than relying
on implicit associations in the data. To this end, this
study, through cultural symbol extraction and semantic
coding, transforms the aesthetic attributes and cultural
contexts of the core cultural symbols of the East and
the West into the prior knowledge of the model,
achieving the explicit implementation of implicit rules.
(1) Cultural symbol selection: Anchor the core
aesthetic traditions of the East and the West

Focus on the most representative artistic traditions and
aesthetic schools of both the East and the West, and
screen out typical symbols that carry culturally
specific aesthetic significance. These symbols are the
core carriers of "beauty" in various cultures, and their
aesthetic attributes have been repeatedly verified by
art history and cultural studies: For instance, Eastern
cultural symbols such as the "Flying Apsaras" in
Dunhuang murals (with flowing lines corresponding
to "ethereal beauty"), the "blank space" in Song
Dynasty landscape paintings (with low complexity
corresponding to "the interplay of reality and illusion"),
and the Japanese wabi-sabi aesthetic "incomplete
pottery" (imperfection corresponding to "Zen beauty")
all collectively embody the Eastern aesthetic
orientation of '"subtlety, artistic conception, and
harmony between man and nature". Western cultural
symbols such as the "spiral pattern" in Baroque art
(with complex lines corresponding to "dramatic
impact"), the "golden section composition" in
Renaissance oil paintings (symmetry corresponding to
"harmonious beauty"), and the "minimalist color
block" in modernism (low saturation corresponding to
"rational beauty") reflect the aesthetic pursuit of
"rationality, order, conflict and harmony" in the West.
(2) Rule extraction: Triple authoritative sources ensure
semantic accuracy

Through the analysis of art history literature,
ethnographic investigations and expert annotations,
the "aesthetic attributes" and "cultural context" of each
symbol are precisely extracted to ensure the cultural
reliability of the rules: Art history literature - Extract
the classic aesthetic attributes of symbols from classic
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works such as "A History of Chinese Aesthetics" and
"A History of Western Art Styles" (for example, the
"harmonious beauty" of the '"golden section
composition" corresponds to the core concept of the
Renaissance of "imitating the cosmic order");
Ethnographic investigation - In-depth interviews with
restorers from the Dunhuang Academy and Western
art curators, supplementing the cultural context details
of symbols (such as the line style of Dunhuang's
"flying apsaras" integrating the Buddhist aesthetic
ideal of "harmony between man and nature").

(2) Expert Annotation: Ten art historians were invited
to rate the "cultural relevance" (the strength of binding
with the affiliated culture) and "aesthetic weight" (the
contribution to overall beauty) of the symbols. The
reliability coefficient o was 0.89 to ensure the
consistency and reliability of the annotation.

3.3.3 Explicit Coding: From "Implicit Rules" to
"Computable Semantic Labels"

Each cultural symbol is assigned a ternary semantic
label of "symbol type - aesthetic attribute - cultural
context". For example: The "Flying Apsaras" in
Dunhuang correspond (lines, a sense of elegance,
Eastern Buddhist art); The Baroque "spiral pattern”
corresponds to (texture, complexity, Western Baroque
style). This encoding method transforms the aesthetic
rules originally implicit in cultural practice into the
prior semantic knowledge of the model - without the
need for a structured database, but rather as a "cultural
dictionary" for weight adjustment. The model does not
need to passively summarize cultural associations
from the data, but actively understands the definition
logic of "beauty" in different cultures based on these
labels (for example, seeing "blank space" is associated
with the aesthetic logic of "the interplay of reality and
illusion in the East").

4. Conclusions and Prospects
The evolution of computational aesthetics, from
Birkhoff's quantification of formal rules to the multi-
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feature fusion of deep learning, has always revolved
around the core proposition of "scientification of
aesthetics". This article systematically traces its
theoretical context, reveals the limitations of
traditional theories in subjective perception, dynamic
context and cultural adaptation, and proposes a new
paradigm of "dynamic perception + cultural
adaptation". The experiment verified the superiority of
the new paradigm in cross-cultural classification and
dynamic perception, providing a path reference for the
leap of computational aesthetics from a "tool method"
to an "independent discipline".

Future research will focus on three aspects: (1)
Quantification of implicit aesthetic rules: Deepen the
understanding of implicit rules such as "implicit
beauty" by integrating ethnographic data, and enhance
the model's adaptation accuracy to Eastern aesthetics;
(2) Collaborative generative Al: Exploring the
application of new paradigms in Al art generation,
such as generating aesthetically pleasing images based
on cultural preferences; (3) Adaptation of cross-modal
large models: Embed new paradigms into multi-modal
large models to enhance their understanding of
complex aesthetic scenarios.
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