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Abstract. Traditional art style recognition methods often rely on single-modal feature
extraction or fixed algorithmic architectures, which limits the accurate recognition and
analysis of diverse and emerging art styles. With the rapid development of digital art
and the advancement of cultural heritage digitization, there is an increasing demand
for algorithms that can adapt to complex art styles, handle large-scale art datasets and
perform accurate classification. To address these two issues, this work proposes an art
style recognition framework (DAMAF) based on dynamic adaptive meta-heuristic algo-
rithm and multimodal feature fusion. First, through the adaptive dynamic weight fusion
(ADWF) strategy, DAMAF is able to flexibly integrate multi-dimensional information
such as visual, texture, color and composition, ensuring the adaptability to diverse art
styles. Secondly, through the Progressive Domain Adaptive Migration (PDAT) technique,
DAMAF is able to effectively deal with emerging and rare art styles, which improves the
generalization ability of the model. Experimental results show that on the ArtStyleNet
test set, the macro-averaged F1 score (MF1) of DAMAF reaches 0.906, which is 5.5%
higher than the best benchmark model; on the EmergingArt dataset, the MF1 of DAMAF
reaches 0.784, which is 15.3% higher than the benchmark model. In particular, when
processing GAN artworks, DAMAF’s MF1 reaches 0.885, which is 22.3% higher than
the benchmark model, demonstrating its excellent performance in recognizing emerging
art styles.
Keywords: art style recognition; dynamic adaptive algorithm; multimodal feature fu-
sion; migration learning; emerging art styles.

1. Introduction. AI recognition techniques for painting art styles have shown promis-
ing applications in the fields of digital humanities, art education, and cultural heritage
preservation. With the acceleration of global art digitization, the rise of large-scale online
art collections and virtual art museums, automated tools for analyzing and classifying art
styles have become increasingly important [1, 2]. This technology can not only assist art
historians in researching and classifying large-scale art works, but also provide personal-
ized art appreciation guidance for general audiences and promote the popularization and
deepening of art education.

In the field of art market and cultural heritage protection, accurate art style recognition
technology can assist in identifying the authenticity of artworks, aid in tracking down
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stolen or lost artworks, and provide an important reference for cultural relic restoration
[3]. In addition, in the creative industry, this technology can provide inspiration for
designers and artists, assist in generating specific styles of artworks [4], and may even
give rise to new forms of artistic creation [5]. With the continuous progress of technology,
painting art style AI recognition is expected to play an increasingly important role in all
aspects of art creation, appreciation and protection, and promote the deep integration of
art and technology.

1.1. Related work. Painting art styles Research in the field of AI recognition has expe-
rienced an evolution from traditional methods to deep learning techniques. Early research
mainly relied on hand-designed feature extraction methods. Condorovici et al. [6] pro-
posed an art style classification method based on color histograms and texture features,
which achieved some success on a specific dataset but had limited ability to generalize
to complex and variable art styles. Lee et al. [7] developed a recognition algorithm that
combines shape descriptors and local features, which performs well in dealing with art
styles with obvious geometric features [8], but is not effective in recognizing abstract or
modern artworks.
With the development of deep learning technology, convolutional neural network (CNN)

has become a mainstream method for AI recognition of painting art styles. Hua et al.
[9] designed a multi-scale CNN architecture to recognize art styles by extracting different
levels of visual features, which significantly improved the recognition accuracy. However,
this method still has difficulties in dealing with works with fuzzy style boundaries. Zhang
et al. [10] proposed a deep learning model based on the attention mechanism, which can
automatically focus on key regions in paintings and improve the ability to capture detailed
features, but the interpretability of the model is still insufficient. Zhao et al. [11] developed
an art style recognition method based on graph neural network, which improves the
recognition performance by modeling the relationship between the elements of paintings,
but this method still needs to be optimized in terms of computational complexity and
training efficiency.
Multimodal feature fusion techniques show great potential in the field of painting art

style AI recognition. Tashu et al. [12] proposed a multimodal fusion model that com-
bines visual and textual information to enhance style recognition by integrating images
of paintings and related art comments. Although this method improves the recognition
accuracy in some scenarios, it is less effective in dealing with emerging artworks that lack
textual descriptions. Liu et al. [13] designed a multimodal feature extraction framework
that incorporates color, texture, and compositional information, but this method still has
challenges in balancing the weights of different modal features, especially for artworks
with uneven stylistic features.

1.2. Motivation and contribution. Existing AI recognition methods for painting art
styles usually rely on fixed algorithmic architectures and single-modal feature extraction,
which are difficult to effectively deal with the diversity and complexity of art styles. Works
from different art genres and periods have significant differences in visual features, brush-
stroke techniques, and compositional approaches, making the model perform poorly in
recognizing emerging or rare art styles. In addition, artworks often contain rich mul-
timodal information, and traditional recognition methods easily lead to the loss of key
features or improper weight allocation when integrating this complex information. To
address the above problems, this paper proposes a multimodal feature fusion framework
based on dynamic adaptive meta-heuristic algorithms, which significantly improves the
effectiveness of AI recognition of painting art styles. The main innovations and contribu-
tions of this work include:
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(1) Aiming at the challenge of the diversity and complexity of art styles, the dynamic
adaptive meta-heuristic algorithm framework proposed in this paper is able to automat-
ically adjust the optimization strategy according to the characteristics of different art
styles, thus improving the adaptability and generalization ability of the model in recog-
nizing various art styles. This improvement is especially significant when dealing with
emerging or rare art styles, which effectively solves the problem of Tashu et al. [12] that
the model is ineffective when dealing with emerging art works that lack textual descrip-
tions.
(2) Aiming at the complexity of multimodal features of artworks, this paper proposes an

improved multimodal feature fusion and transfer learning method. By integrating multi-
dimensional information such as vision, texture, color and composition, and combining
with transfer learning techniques, this method can capture and integrate the multimodal
features of artworks more effectively. This innovation effectively overcomes the challenge of
Liu et al. [13] in balancing the weights of different modal features, especially for artworks
with uneven stylistic features, and significantly improves the accuracy and robustness of
recognition.

2. A framework for dynamic adaptive metaheuristic algorithms.

2.1. Framework overview. The Dynamic Adaptive Meta-heuristic Algorithm Frame-
work (DAMAF) proposed in this section aims to address the complexity and diversity
challenges in AI recognition of painting art styles. DAMAF achieves this by intelligently
selecting and combining multiple meta-heuristic algorithms (Genetic Algorithm [14], Par-
ticle Swarm Optimization [15], Ant Colony Algorithm [16] and Artificial Bee Colony [17])
to achieve adaptive optimization of different art style features, as shown in Figure 1.

The core of the framework is an adaptive controller C, which receives as input the
feature vector x ∈ Rn of the artwork and outputs the optimal algorithmic configuration
y ∈ Rm. The feature vector x contains multidimensional information about the visual,
texture, color and composition of the artwork. The algorithm configuration y defines the
selection, parameter setting and combination strategy of the metaheuristic algorithm.

The workflow of DAMAF can be represented as follows:

y = C(x,θ) (1)

where θ represents the set of parameters of the controller, which is continuously tuned
through iterative optimization. The objective function L of the framework measures the
performance of art style recognition and can be expressed as:

L = f(y,x) (2)

DAMAF optimizes the controller parameters θ by minimizing L for adaptive recognition
of different art styles. The adaptive controller C generates an algorithmic configuration
y based on the input features x and the current parameters θ. The system executes
the selected meta-heuristic algorithm and outputs the art style recognition result. The
performance evaluation module computes the objective function L to evaluate the recog-
nition performance. Based on the performance evaluation results, the system passes the
information back to the adaptive controller via the long feedback arrow for optimizing
the parameters θ.

2.2. Adaptive algorithm selection mechanism. The adaptive algorithm selection
mechanism of DAMAF is based on the principle of Reinforcement Learning (RL) [18],
which models the art style recognition problem as a Markov Decision Process (MDP).
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Figure 1. DAMAF

Define the state space S as the artwork feature space and the action space A as the
set of optional meta-heuristics. At each time step t, the system selects the action at ∈ A,
i.e., a specific meta-heuristic algorithm, based on the current state st ∈ S.

Introduce the strategy function πϕ : S → A parameterized by ϕ. The strategy function
is optimized by maximizing the expected cumulative reward J(ϕ):

J(ϕ) = Eτ∼πϕ

[
T∑
t=0

γtrt

]
(3)

where τ denotes the trajectory, γ ∈ (0, 1] is the discount factor, and rt is the instantaneous
reward, defined as the increment in recognition accuracy.

To accommodate the dynamic nature of art styles, a strategy gradient approach is used
to update ϕ:

∇ϕJ(ϕ) = Eτ∼πϕ

[
T∑
t=0

∇ϕ log πϕ(at|st)Qπϕ(st, at)

]
(4)

where ∇ϕ denotes the gradient with respect to the parameter ϕ; Eτ∼πϕ
denotes the ex-

pectation to be taken over the trajectory τ under the strategy πϕ; T denotes the total
number of time steps of the trajectory; πϕ(at|st) denotes the probability of choosing action
at in state st; Q

πϕ(st, at) denotes the action value function that represents the expected
cumulative reward for executing action at from state st under strategy πϕ.
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The action value function Qπϕ(st, at) is defined as:

Qπϕ(st, at) = Eπϕ

[
T∑

k=t

γk−trk | st, at

]
(5)

where γ is the previously defined discount factor and rk is the immediate reward obtained
at time step k.

Through this adaptive mechanism, DAMAF is able to dynamically select the most
suitable meta-heuristic algorithms according to the characteristics of different art styles,
significantly improving the recognition performance.

2.3. Parameter dynamic adjustment strategy. The core strength of the DAMAF
framework lies in its parameter dynamic tuning capability, which allows the system to
adapt to changing art style characteristics. This section introduces a novel parameter
dynamic tuning strategy called Adaptive Resonance Optimization (ARO).

The core idea of ARO is to consider the parameter tuning process as a dynamic system
in which the parameter changes follow a law similar to that of resonance. Define the
parameter vector ω ∈ Rd, whose dynamics can be expressed as:

d2ω

dt2
+ β

dω

dt
+ κω = F(x,y) (6)

where β is the damping coefficient; κ is the elasticity coefficient; and F(x,y) is the driving
force, which is determined by the input features x and the algorithmic configuration y
together.

The design of the driving force F(x,y) is crucial, as it reflects the gap between the
current and optimal parameters. We propose a hybrid driving force based on gradient
information and historical performance:

F(x,y) = α∇ωL+ (1− α)H(ω) (7)

where α ∈ [0, 1] is the equilibrium factor; ∇ωL is the gradient of the objective function
with respect to the parameter; and H(ω) is the historical performance function capturing
the parameter’s past performance in the Trends.

By solving this dynamic equation, ARO is able to perform an adaptive search in the
parameter space, effectively avoiding local optimality traps while maintaining the ability
to explore globally optimal solutions.

2.4. Feedback learning mechanism. To further enhance the adaptive capability of
DAMAF, we introduce an innovative feedback learning mechanism called Multi-scale
Temporal Memory Network (MTMN). MTMN provides richer information for parameter
tuning by capturing performance variations at different time scales.

The MTMN consists of K parallel memory modules, each corresponding to a specific
time scale. The state of the k-th module is defined as hk ∈ Rmk , and its update rule is:

h
(t)
k = fk(h

(t−1)
k ,L(t),ω(t)) (8)

where fk(·) is the nonlinear mapping function; and L(t) and ω(t) are the value of the
objective function and the parameter vector for the current time step, respectively.

The output z of MTMN is obtained by aggregating the states of the individual modules:

z = g(h1,h2, . . . ,hK) (9)

where g(·) is the aggregation function, which can be a weighted sum or a more complex
nonlinear mapping.
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The output z of MTMN is used to adjust the drive in ARO:

F(x,y, z) = α∇ωL+ (1− α)H(ω) + λG(z) (10)

where λ is the influence factor of the MTMN output; and G(z) is the mapping function
that transforms the MTMN output into drivers.

By integrating ARO and MTMN, DAMAF achieves the ability to sense and respond to
changes in performance at different time scales, dramatically improving the framework’s
adaptability and robustness when dealing with complex and changing art styles.

3. Multimodal feature fusion and transfer learning.

3.1. Multimodal feature extraction. In order to comprehensively capture the rich
information of painting art styles, this section proposes an innovative multimodal feature
extraction framework called Comprehensive Art Feature Extraction Network (CAFEN).
CAFEN provides a comprehensive and in-depth feature representation for the subse-
quent style recognition task by integrating multidimensional information such as visual,
brushstroke texture [19], color distribution, and compositional structure [20] and other
multi-dimensional information, CAFEN provides a comprehensive and in-depth feature
representation for subsequent style recognition tasks.

The core idea of CAFEN is to consider an artwork I as a combination of multiple
information channels. Define the feature extraction function Φ(I), whose output is a
multidimensional feature vector:

Φ(I) = [ϕv(I), ϕb(I), ϕc(I), ϕs(I)] (11)

where ϕv, ϕb, ϕc and ϕs represent visual, stroke, color and compositional feature extraction
subfunctions, respectively.
The visual feature extraction sub-function ϕv adopts the structure of Modified Deep

Residual Network (MDRN). The MDRN enhances the ability to capture the key visual
elements of the art style through the introduction of an attention mechanism and multi-
scale feature fusion. The output of MDRN is defined as:

ϕv(I) = FMDRN(I; θv) (12)

where FMDRN denotes the forward propagation process of the MDRN; θv is a network
parameter.

The stroke texture analysis sub-function ϕb uses the Adaptive Wavelet Transform
(AWT) technique [21]. AWT can automatically adjust the wavelet basis function to
accommodate the unique stroke characteristics of different artists. The stroke character-
istics can be expressed as:

ϕb(I) = WAWT(I;ψ) (13)

where WAWT denotes the AWT operation; ψ is the adaptive wavelet basis function.
The color distribution feature subfunction ϕc utilizes the Dynamic Color Histogram

(DCH) method [22]. DCH captures the color characteristics of artworks more accurately
through an adaptive binning strategy:

ϕc(I) = HDCH(I; β) (14)

where HDCH denotes the DCH operation; β is the vector of split-box parameters.
The compositional structure analysis subfunction ϕs adopts the innovative Hierarchical

Graph Attention Network (HGAT) technique [23]. HGAT effectively captures the overall
compositional features and local elemental relationships of an artwork by transforming
the artwork into a multilevel graph structure.
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First, we convert the input image I into a hierarchical map structure:

G(I) = (V , E ,A) (15)

where V = {V1, V2, . . . , VL}, Vl = {vl1, vl2, . . . , vlNl
} denotes the set of nodes in the l-

th layer; E = {E1, E2, . . . , EL}, El denotes the set of edges inside the l-th layer; A =
{A1, A2, . . . , AL−1}, Al denotes the cross-layer connection between the l-th and l + 1-th
layers.

The core operations of HGAT include intra-layer feature aggregation and inter-layer
message passing:

(1) Intra-layer feature aggregation. For node vli in the l-th layer, the feature update
process is:

h
l,(t+1)
i = σ

∑
j∈N l

i

αl
ijW

lh
l,(t)
j

 (16)

where αl
ij is the attention coefficient of node i to node j in the l-th layer.

αl
ij =

exp(LeakyReLU(al,T [W lh
l,(t)
i ∥W lh

l,(t)
j ]))∑

k∈N l
i
exp(LeakyReLU(al,T [W lh

l,(t)
i ∥W lh

l,(t)
k ]))

(17)

where l denotes the layer of the graph; t denotes the current iteration step; h
l,(t)
i denotes

the feature vector of the node i in the l layer at the t iteration step; W l ∈ RF ′×F denotes
the linear transformation matrix of the l layer, where F is the input feature dimension
and F ′ is the output feature dimension; al ∈ R2F ′

denotes the learnable attention vector
of the l layer; [ ∥ ] denotes the vector splicing operation; and LeakyReLU denotes the
rectified linear unit activation function, defined as LeakyReLU(x) = max(0.01x, x); N l

i

denotes the set of neighbors of node i in the l-th layer.
(2) Inter-layer messaging. The node characteristics of the l-th layer affect the l + 1-th

layer nodes through cross-layer connections:

h̃
l+1,(t)
j = σ

∑
i∈Ml

j

βl
jiU

lh
l,(t)
i

 (18)

where Ml
j denotes the set of nodes in the l-th layer connected to the l + 1-th layer node

j, and βl
ji is the cross-layer attention coefficient.

(3) Feature fusion. Combining intra-layer aggregation and inter-layer transfer of infor-
mation:

h
l+1,(t+1)
j = γ · hl+1,(t)

j + (1− γ) · h̃l+1,(t)
j (19)

where γ is the learnable fusion parameter.
After several rounds of iterations, we obtain the final node features. Then, graph level

representation is obtained by hierarchical pooling operation:

hG = POOL({hLi | i ∈ VL}) (20)

where POOL uses an adaptive pooling strategy to dynamically adjust the weights ac-
cording to the node importance.
Finally, the compositional feature vectors are generated through the fully connected

layer:

ϕs(I) = WouthG + bout (21)

HGAT has the advantage: (1) The hierarchical structure helps to capture the multi-
scale compositional characteristics of the artwork. (2) Attention mechanisms are able to
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adaptively focus on key compositional elements and their relationships. (3) Inter-layer
information transfer realizes effective fusion of local and global information.

With HGAT, ϕs(I) is able to comprehensively and accurately characterize the compo-
sitional features of an artwork, providing rich structured information for the subsequent
style recognition task. This approach significantly improves the analytical capability of
the DAMAF framework in dealing with complex art styles, especially for those art genres
where compositional features play a key role in style judgment.

Finally, CAFEN realizes the comprehensive extraction of multimodal features of art-
works by integrating these four subfunctions. This approach not only captures the salient
features of art styles, but also reveals the potential subtle differences, which lays a solid
foundation for subsequent style recognition and analysis. CAFEN’s multimodal feature
extraction capability significantly improves the adaptability and accuracy of the DAMAF
framework in dealing with diversified art styles, and effectively solves the limitations of
the traditional single-modal approach in the recognition of complex art styles.

3.2. Feature fusion strategy. In order to fully utilize the advantages of multimodal
feature extraction, a novel Adaptive Dynamic Weight Fusion (ADWF) strategy is pro-
posed. ADWF aims to dynamically adjust the importance of different feature modalities
to adapt to diverse art style characteristics.

ADWF introduces a Meta-learner that automatically adjusts the fusion weights based
on the input artwork features. The fusion function Ψ is defined as follows:

Ψ(Φ(I)) =
M∑

m=1

wm(I) · ϕm(I) (22)

where M is the number of eigenmodes, wm(I) is the fusion weight of the m-th mode,
and ϕm(I) is the corresponding eigenvector. The weights wm(I) are generated by the
meta-learner Λ:

[w1(I), . . . , wM(I)] = Λ(Φ(I); θΛ) (23)

where θΛ is the parameter of the meta-learner. In order to enhance the expressive power
of ADWF, we design the meta-learner using the multi-head attention mechanism:

Λ(Φ(I); θΛ) = softmax

(
1

K

K∑
k=1

QkW
Q
k (KkW

K
k )T

)
(24)

where K is the number of attention heads; Qk and Kk are the query and key matrices,
respectively, obtained from Φ(I) by linear transformation; and WQ

k and WK
k are the

learnable parameter matrices.
Through this self-adaptive mechanism, ADWF is able to flexibly adjust the feature

fusion strategy according to the characteristics of different artworks, which effectively im-
proves the adaptability and robustness of the DAMAF framework in dealing with diverse
art styles.

3.3. Application of migration learning techniques. To enhance the generalization
capability and efficiency of the DAMAF framework, an innovative Progressive Domain
Adaptive Transfer (PDAT) technique is introduced. PDAT is designed to address the
problem of domain bias in the recognition of art styles, especially for the challenge of
recognizing emerging or rare art styles.
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3.3.1. Pre-training model selection. The foundation of the PDAT technique is the selec-
tion of a robust and flexible pre-training model. In this study, Modified Vision Trans-
former (MVT) [24, 25] is used as the infrastructure to provide a solid foundation for the
art style recognition task with its excellent long-range dependency capturing capability.

Define the input image as I ∈ RH×W×C , where H,W, and C denote the height, width,
and the number of channels, respectively. The MVT first divides the input image into N
non-overlapping blocks of the image, and each block undergoes linear projection to obtain
the initial embedding Z0 ∈ RN×D, where D is the embedding dimension.

MVT consists of L converter blocks and the operation of each block can be expressed
as:

Z l =MSA(LN(Z l−1)) + Z l−1 (25)

Z l =MLP (LN(Z l)) + Z l (26)

where Z l ∈ RN×D denotes the output of the l-th layer;MSA : RN×D → RN×D denotes the
multi-head self-attention operation; LN : RN×D → RN×D denotes a layer normalization;
MLP : RN×D → RN×D denotes a Multilayer Perceptron.

To enhance the sensitivity of MVT to artistic features, we introduce the Feature En-
hancement Module (FEM). FEM is applied after each converter block and its operation
is defined as:

Z l = FEM(Z l) + Z l (27)

FEM(Z) = σ(W2σ(W1Z + b1) + b2)⊙ Z (28)

where W1 ∈ RD′×D and W2 ∈ RD×D′
are the learnable weight matrices; b1 ∈ RD′

and
b2 ∈ RD are bias vectors; D′ is the intermediate feature dimension of the FEM; σ : R → R
is a nonlinear activation function, e.g., GELU; and ⊙ denotes the Hadamard product
(element-by-element multiplication).

FEM enhances the model’s ability to perceive art style features by adaptively adjusting
feature importance. Finally, the output features ZL of the MVT are globally average
pooled and linearly layered to obtain the characterization vector f ∈ RM of the art style,
where M is the number of style categories.

The pre-training process is optimized using the cross-entropy loss LCE:

LCE = −
M∑
i=1

yi log(ŷi) (29)

where yi and ŷi are the true label and predicted probability, respectively.
This improved MVT structure not only retains the advantages of the original visual

converter, but also enhances the recognition of art features through FEM. The pre-trained
model Mb is trained on a large-scale art dataset, which lays a solid foundation for the
subsequent domain adaptation process, and effectively improves the initial performance
of the DAMAF framework when dealing with diverse art styles.

3.3.2. Domain adaptation method. In order to effectively mitigate the distributional dif-
ferences between the source domain (pre-training data) and the target domain (new art
styles), this study proposes an innovative progressive adversarial domain adaptation strat-
egy. By dynamically adjusting the intensity of adversarial learning, this strategy realizes
a smooth migration from the source domain to the target domain, which significantly
improves the recognition ability of the DAMAF framework for emerging and rare art
styles.
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First, define the source domain data distribution as ps and the target domain data
distribution as pt. Let the feature extractor be F : X → Z, where X is the input space
and Z is the feature space. The domain discriminator is defined as D : Z → [0, 1], which
is used to distinguish whether the features come from the source or target domain.

The objective function of adversarial learning Ladv is defined as follows:

Ladv(F ,D) = Exs∼ps [logD(F(xs))] + Ext∼pt [log(1−D(F(xt)))] (30)

where xs and xt denote the samples in the source and target domains, respectively.
To achieve progressive adaptation, a dynamic adjustment factor λ(t) is introduced:

λ(t) = 2/(1 + exp(−γt))− 1 (31)

where t denotes the current number of training iterations and γ > 0 is a tuning parameter
that controls the adaptation rate.
Combining the task-specific loss Ltask and the adversarial loss, the final optimization

objective is:

min
F

max
D

Ltask + λ(t)Ladv (32)

To further enhance the effect of domain adaptation, the feature alignment regularization
term Lalign is introduced in this study:

Lalign = ∥µs − µt∥22 + ∥Σs − Σt∥2F (33)

where µs, µt are the mean values of the source and target domain features respectively;
Σs,Σt are the corresponding covariance matrices; and ∥ · ∥F denotes the Frobenius norm.

The final optimization problem can be formulated as follows:

min
F

max
D

Ltask + λ(t)Ladv + βLalign (34)

where β > 0 is the weight coefficient of the feature alignment regularization term.
This progressive adversarial domain adaptation method, combined with feature align-

ment regularization and gradient inversion techniques, not only effectively mitigates the
distributional differences between the source and target domains, but also improves the
stability and efficiency of training. By dynamically adjusting the strength of adversarial
learning, the DAMAF framework is able to more smoothly migrate the knowledge of pre-
trained models to new art style domains, significantly enhancing the ability to recognize
emerging and rare art styles while maintaining high performance on known styles.

DAMAF is the overall framework proposed in this study, which contains several innova-
tive modules and techniques. ADWF and PDAT are the two core components in DAMAF.
Specifically: the ADWF is the key component responsible for multimodal feature fusion
in DAMAF. the ADWF strategy allows the framework to dynamically adjust the fusion
weights of different modalities (e.g., visual, texture, color, composition, etc.) according
to the characteristics of the input artworks. It is one of the important mechanisms to
enable DAMAF to adapt to diverse art styles. PDAT is a migration learning technique
in DAMAF that aims to improve the model’s ability to recognize emerging and rare
art styles. PDAT improves the model’s generalization ability by gradually adjusting the
model’s parameters so that it can smoothly migrate from the source domain (pre-training
data) to the target domain (new art styles).

4. Experimentation and evaluation.
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4.1. Experimental setup. In order to comprehensively evaluate the performance of the
Dynamic Adaptive Multimodal Art Style Recognition Framework (DAMAF), a series
of rigorous and innovative experiments are designed in this study. The experimental
environment utilizes a high-performance computing cluster equipped with NVIDIA A100
GPUs and Intel Xeon dual processors to ensure efficient training and inference of complex
models.
For the dataset, a large-scale and diversified artwork dataset, ArtStyleNet, is con-

structed in this study. The dataset contains 5,000 high-resolution art images covering
100 different art styles and spanning from Renaissance to contemporary art. To simu-
late the imbalance of data distribution in real scenarios, ArtStyleNet adopts a long-tailed
distribution design, with sufficient samples of mainstream art styles (e.g., Impressionism,
Abstract Expressionism, etc.) and fewer samples of emerging or rare styles (e.g., Digital
Art, Bio Art, etc.). The dataset is divided into a training set Dtrain, a validation set Dval,
and a test set Dtest in the ratio of 7:1:2.

To evaluate the generalization ability and domain adaptation performance of DAMAF,
we additionally collected a test set EmergingArt containing 1,000 emerging artworks,
denoted as Demerging. The styles of these works are not present or have very small samples
in the training set and include, but are not limited to, emerging genres such as generative
art, VR art, and eco-art.

The model implementation uses the PyTorch 1.9 deep learning framework combined
with the NVIDIA APEX library for mixed-precision training to improve computational
efficiency. Hyperparameter optimization is implemented using Bayesian optimization
method using BoTorch library. The main hyperparameters include the learning rate
η ∈ [10−5, 10−2], the batch size B ∈ {32, 64, 128, 256}, the initial value of the feature

fusion weights w
(0)
m ∈ [0, 1], and the domain adaptation parameters γ ∈ [0.1, 10] and

β ∈ [0.01, 1].
To fully evaluate the performance of DAMAF, we use a multidimensional evaluation

metric:
(1) Recognition accuracy metrics: macro-mean precision (MP), macro-mean recall

(MR) and macro-mean F1 score (MF1) are used. The definitions are as follows:

MP =
1

C

C∑
c=1

TPc

TPc + FPc

(35)

MR =
1

C

C∑
c=1

TPc

TPc + FNc

(36)

MF1 =
2×MP×MR

MP+MR
(37)

where C is the number of art style categories; TPc, FPc, and FNc denote the number of
true instances, false positive instances, and false negative instances of the c-th category,
respectively.

(2) Domain Adaptation Performance Indicator (DAP): assesses the model’s perfor-
mance on emerging art styles.

DAP =
MF1EmergingArt

MF1ArtStyleNet

(38)

where MF1EmergingArt and MF1ArtStyleNet denote the macro-averaged F1 scores of the model
on the EmergingArt and ArtStyleNet test sets, respectively.
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(3) Computational Efficiency Indicator (CEI): assesses the computational efficiency of
the model.

CEI =
Tbaseline
TDAMAF

(39)

where Tbaseline and TDAMAF are the average times of the baseline model and DAMAF,
respectively, when processing the same number of samples.

(4) Multimodal Fusion Effectiveness Indicator (MMEI): assesses the effectiveness of
multimodal feature fusion.

MMEI =
MF1DAMAF −MF1best single

MF1best single

× 100% (40)

where MF1best single is the performance of the best unimodal model.

4.2. Benchmark models and comparison methods. In order to comprehensively as-
sess the performance advantages of DAMAF, a series of representative benchmark models
and the latest art style recognition methods are selected for comparison in this study.
These methods cover different paradigms such as traditional machine learning, deep learn-
ing and migration learning to ensure the comprehensiveness and fairness of the compari-
son.
Traditional machine learning methods include Support Vector Machines (SVM) and

Random Forests (RF). These methods are based on hand-designed features such as Scale
Invariant Feature Transform (SIFT) and Histogram of Orientation Gradients (HOG). The
benchmark deep learning model is ResNet-50 [26]. These models are pre-trained on the
ImageNet dataset and then fine-tuned on ArtStyleNet.

In particular, we implemented the following state-of-the-art art style recognition method
as a strong baseline:

• Multi-modal Fusion Model (MMFM): an approach proposed by Tashu et al. [11] to
combine visual and textual information for art style recognition.

• Multi-modal Feature Extraction Framework (MMEF): a method designed by Liu et
al. [12] to fuse color, texture and compositional information for art style recognition.

To ensure a fair comparison, all methods are trained and evaluated in the same hardware
environment, using the same dataset partitioning and evaluation metrics. Each model is
carefully tuned to achieve its optimal performance.

A series of ablation experiments were also designed to validate the effectiveness of the
various modules of DAMAF:

• DAMAF-SM: Remove the adaptive metaheuristic algorithm selection mechanism
and use a fixed optimization strategy.

• DAMAF-MF: Disables multimodal feature fusion and uses only single visual features.
• DAMAF-TL: Removal of the Progressive Domain Adaptive Migration Learning mod-
ule and adoption of a traditional fine-tuning approach.

• DAMAF-Basic: Simultaneously removes all the above innovative modules and serves
as the basic version of DAMAF.

4.3. Performance comparison. Table 1 summarizes the main performance metrics of
each model on the ArtStyleNet test set and the EmergingArt dataset.

As can be observed from Table 1, DAMAF significantly outperforms the benchmark
model on all evaluation metrics. On the ArtStyleNet test set, DAMAF’s MF1 reaches
0.906, which is 5.5% higher than the best benchmark model MMEF. More notably, on
the EmergingArt dataset, DAMAF’s performance advantage is even more significant,
with MF1 reaching 0.784, which is 15.3% higher than MMEF, demonstrating DAMAF’s
superior ability to handle emerging and rare art styles.
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Table 1. Comparison of the performance of the models

Model
ArtStyleNet EmergingArt

CEI MMEI
MP MR MF1 MP MR

SVM 0.632 0.615 0.623 0.421 0.407 1.00 -

RF 0.651 0.638 0.644 0.445 0.432 1.12 -

ResNet-50 0.812 0.796 0.804 0.583 0.569 1.35 -

MMFM 0.845 0.831 0.838 0.612 0.598 1.28 4.2%

MMEF 0.859 0.844 0.851 0.631 0.618 1.22 5.8%

DAMAF 0.912 0.901 0.906 0.784 0.773 1.42 12.3%

In terms of computational efficiency, although DAMAF incorporates multiple complex
modules, it still achieves a CEI of 1.42, which outperforms all benchmark models. This
indicates that DAMAF not only improves the recognition accuracy, but also maintains a
high computational efficiency.

The MMEI of DAMAF reaches 12.3%, which is much higher than other multimodal
methods, proving its superiority in multimodal feature fusion. This significant perfor-
mance improvement is mainly attributed to DAMAF’s Adaptive Dynamic Weight Fusion
(ADWF) strategy, which can flexibly adjust the feature fusion ratio according to the
characteristics of different artworks.

4.4. Ablation experiments. In order to deeply analyze the contribution of each com-
ponent of DAMAF, we conducted a series of ablation experiments as shown in Table
2.

Table 2. Performance Comparison of DAMAF Variant Models

Model
ArtStyleNet EmergingArt

CEI
MF1 DAP MF1 DAP

DAMAF 0.906 0.865 0.784 0.866 1.42

DAMAF-SM 0.883 0.831 0.741 0.839 1.38

DAMAF-MF 0.871 0.812 0.718 0.824 1.45

DAMAF-TL 0.889 0.795 0.707 0.795 1.44

DAMAF-Basic 0.852 0.761 0.649 0.762 1.47

Comparing DAMAF with DAMAF-Basic, we can observe that the full DAMAF model
improves the MF1 by 5.4% and 13.5% on the ArtStyleNet and EmergingArt datasets,
respectively. This significant improvement highlights the combined effect of the various
innovation modules of DAMAF.

The performance of DAMAF-MF is significantly lower than that of full DAMAF, with
MF1 dropping 3.5% and 6.6% on ArtStyleNet and EmergingArt, respectively. This sug-
gests that the ADWF strategy is crucial for improving the model’s recognition ability,
especially when dealing with emerging art styles.

The performance of DAMAF-TL on the EmergingArt dataset decreases significantly,
with a 7.7% reduction in MF1 and a decrease in DAP from 0.866 to 0.795. This highlights
the critical role of the PDAT technique in dealing with emerging art styles, significantly
improving the generalization ability of the model.
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DAMAF-SM outperforms the other variants of the model, although its performance
is slightly lower than that of the full DAMAF. This suggests that the adaptive meta-
heuristic algorithm selection mechanism can effectively improve the model performance,
but its contribution is relatively small. However, it is worth noting that DAMAF-SM has
a slight advantage in computational efficiency (CEI of 1.38), which may be due to the
reduced computational overhead of the fixed optimization strategy.

Figure 2 visualizes the performance comparison of the DAMAF variants of the model
on different evaluation metrics, visualizing the contribution of each module to the overall
performance.
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Figure 2. Comparison of DAMAF and its variant models

In summary, the results of the ablation experiments fully demonstrate the effectiveness
and necessity of the innovative modules of DAMAF. The ADWF and PDAT are par-
ticularly significant in improving the model performance, especially when dealing with
emerging and rare art styles. Meanwhile, the adaptive meta-heuristic algorithm selection
mechanism, although its contribution is relatively small, plays an important role in im-
proving model flexibility and adaptability. These results further confirm the superiority of
DAMAF in the art style recognition task, especially the robust performance when facing
diverse and emerging art styles.

4.5. Case studies.

4.5.1. Emerging art styles recognition. This case focuses on the performance of DAMAF
in recognizing emerging digital art styles. We selected Generative Adversarial Network
(GAN) art, which has been rapidly evolving in recent years, as the object of study.
GAN artworks often have unique visual features, such as subtle texture variations and
nontraditional compositions, which pose a challenge to traditional art style recognition
algorithms.
We randomly selected 100 GAN artworks from the EmergingArt dataset for testing.

Table 3 demonstrates the performance comparison between DAMAF and the best bench-
mark model MMEF in recognizing these artworks.

DAMAF shows a significant advantage in recognizing GAN artworks, with an MF1 score
22.3% higher than that of MMEF. In-depth analysis reveals that the success of DAMAF is
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Table 3. GAN Artwork Recognition Performance Comparison

Model MP MR MF1

MMEF 0.673 0.651 0.662

DAMAF 0.892 0.878 0.885

mainly attributed to the following factors: the ADWF strategy can dynamically adjust the
weights of visual, texture and compositional features to adapt to the unique characteristics
of GAN art; the PDAT technique effectively utilizes the traditional art knowledge and
quickly adapts to the new art styles through progressive transfer learning.

4.5.2. Analysis of artworks with an unbalanced stylistic character. This case examines
DAMAF’s performance when dealing with artworks with an uneven stylistic profile. We
selected a set of contemporary artworks that incorporate a variety of art styles, which are
often difficult to categorize into a single art style category. We selected 50 works from
the ArtStyleNet test set with an uneven stylistic profile for analysis. These works were
labeled by art historians and each contained elements of 2-3 major styles. Table 4 shows
the performance comparison between DAMAF and MMEF on this task.

Table 4. Comparison of analytical performance of works with uneven stylistic
characterization

Model Major style accuracy Secondary Style accuracy Average accuracy

MMEF 0.784 0.521 0.653

DAMAF 0.912 0.783 0.848

DAMAF demonstrates a strong ability to recognize works with uneven stylistic char-
acteristics, and is particularly good at identifying secondary styles. Figure 3 shows a
work that combines elements of Impressionism and Cubism. Figure 4 shows the results
of DAMAF’s analysis of the case.

These two case studies fully demonstrate the superiority of DAMAF in dealing with
complex and emerging art styles. DAMAF is not only able to accurately identify emerging
digital art forms, but also to deeply analyze works with uneven stylistic characteristics,
which is of great importance to the fields of art history research, digital art curation, and
intelligent art recommendation systems.

5. Conclusion. In this paper, an art style recognition framework (DAMAF) is proposed
to effectively address the limitations of traditional art style recognition models in dealing
with diverse and emerging art styles. With the ADWF strategy, the model is able to
integrate multimodal features more flexibly, which significantly improves the recognition
accuracy. In addition, the PDAT technique further enhances the model’s ability to adapt
to emerging and rare art styles, ensuring the stability and robustness of the recognition
results. The following conclusions can be drawn from the experiments conducted on
ArtStyleNet and EmergingArt datasets:

1. Multimodal feature fusion can significantly improve the accuracy of art style recog-
nition, especially for works with uneven stylistic features.

2. The PDAT technique demonstrates greater generalization ability when dealing with
emerging art styles compared to traditional transfer learning methods.
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Figure 3. Examples of works with uneven stylistic features
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Figure 4. Visualization of the results of DAMAF’s analysis of cases

3. The DAMAF framework combining ADWF and PDAT strikes the best balance be-
tween recognition accuracy and computational efficiency and is the optimal strategy
recommended in this paper.

4. The adaptive meta-heuristic algorithm selection mechanism, although its contribu-
tion is relatively small, plays an important role in improving model flexibility and
adaptability.
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5. DAMAF has demonstrated excellent performance in dealing with emerging forms of
digital art such as GAN art, opening up new possibilities for digital art analysis.

The experimental data in this paper are mainly from the ArtStyleNet and EmergingArt
datasets, which may still have some limitations despite the fact that they cover a wide
range of art styles. Future work should consider introducing more data from different
cultural backgrounds and art genres to validate the effectiveness of the model in more
diverse art scenes. In addition, it is worth exploring how to further improve the model’s
ability to recognize extremely rare or completely unknown art styles, as well as how
to more accurately quantify and describe the degree of integration of multiple stylistic
elements in a work. These researches not only help to promote the development of art
style recognition technology, but also may bring new breakthroughs in the fields of art
history research, digital art curation and intelligent art recommendation systems.
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