
 

 

 

 

 

 

 

ISSN 3107-2887 

 

Poster Volume Ⅰ 

 
The 2025 Twenty-First International 

Conference on Intelligent Computing 

July 26-29, 2025 

Ningbo, China 



Preface 

The International Conference on Intelligent Computing (ICIC) was started to 

provide an annual forum dedicated to emerging and challenging topics in artificial 

intelligence, machine learning, pattern recognition, bioinformatics, and 

computational biology. It aims to bring together researchers and practitioners 

from both academia and industry to share ideas, problems, and solutions related 

to the multifaceted aspects of intelligent computing. 

ICIC 2025, held in Ningbo, China, July 26-29, 2025, constituted the 21st 

International Conference on Intelligent Computing. It built upon the success of 

ICIC 2024 (Tianjin, China), ICIC 2023 (Zhengzhou, China), ICIC 2022 (Xi'an, 

China), ICIC 2021 (Shenzhen, China), ICIC 2020 (Bari, Italy), ICIC 2019 

(Nanchang, China), ICIC 2018 (Wuhan, China), ICIC 2017 (Liverpool, UK), 

ICIC 2016 (Lanzhou, China), ICIC 2015 (Fuzhou, China), ICIC 2014 (Taiyuan, 

China), ICIC 2013 (Nanning, China), ICIC 2012 (Huangshan, China), ICIC 2011 

(Zhengzhou, China), ICIC 2010 (Changsha, China), ICIC 2009 (Ulsan, South 

Korea), ICIC 2008 (Shanghai, China), ICIC 2007 (Qingdao, China), ICIC 2006 

(Kunming, China), and ICIC 2005 (Hefei, China). 

This year, the conference concentrated mainly on the theories and 

methodologies as well as the emerging applications of intelligent computing. Its 

aim was to unify the picture of contemporary intelligent computing techniques as 

an integral concept that highlights the trends in advanced computational 

intelligence and bridges theoretical research with applications. Therefore, the 

theme for this conference was "Advanced Intelligent Computing Technology and 

Applications". Papers that focused on this theme were solicited, addressing 

theories, methodologies, and applications in science and technology. 

ICIC 2025 received 4032 submissions from 21 countries and regions. We 

selected 328 Poster papers from the remaining papers, included in four volumes. 

These four volumes of Poster papers will be arranged on the open access website 

http://poster-openaccess.com/. 

The volume Ⅰ includes 82 poster papers.  

The volume Ⅱ includes 82 poster papers. 

The volume Ⅲ includes 81 poster papers. 

The volume Ⅳ includes 83 poster papers. 

http://poster-openaccess.com/


The organizers of ICIC 2025, including The Society of International 

Computing, Ningbo University, Eastern Institute of Technology, Ningbo, Ningbo 

Institute of Digital Twin, Ningbo EIT Industrial Technology Institute, The 

University of Nottingham Ningbo China, Tianjin University of Science and 

Technology, and Xinjiang Institute of Engineering, made an enormous effort to 

ensure the success of the conference. We hereby would like to thank the members 

of the Program Committee and the referees for their collective effort in reviewing 

and soliciting the papers. In particular, we would like to thank all the authors for 

contributing their papers. Without the high-quality submissions from the authors, 

the success of the conference would not have been possible. Finally, we are 

especially grateful to the International Neural Network Society and the National 

Science Foundation of China for their sponsorship. 

 

 

ICIC 2025 General Chair 
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Abstract. Text-to-image person search aims to identify an individual 

based on a text description. To reduce data collection costs, large-scale text-

image datasets are created from co-occurrence pairs found online. However, 

this can introduce noise, particularly mismatched pairs, which degrade re-

trieval performance. Existing methods often focus on negative samples, 

which amplify this noise. To address these issues, we propose the Dynamic 

Uncertainty and Relational Alignment (DURA) framework, which includes 

the Key Feature Selector 1(KFS) and a new loss function, Dynamic Softmax 

Hinge Loss (DSH-Loss). KFS captures and models noise uncertainty, im-

proving retrieval reliability. The bidirectional evi- dence from cross-

modal similarity is modeled asa Dirichlet distribution, enhancing adapta-

bility to noisy data. DSH adjusts the difficulty of neg- ative samples to 

improve robustness in noisy environments. Our exper- iments on three 

datasets show that the method offers strong noise re- sistance and improves 

retrieval performance in both low- and high-noise scenarios. 

Keywords: Text-Based Person Search, Noisy Correspondences, Cross- modal 

Uncertainty Learning. 

1 Introduction 

Person Re-identification (Re-ID) is a key task in computer vision, important for 

applications like intelligent video surveillance, urban security, and smart retail [17]. 

Text-to-image person search aims to identify a person based on tex- tual descriptions. 

However, current Re-ID methods rely on specific images of individuals, which 

may not be available in real-world emergency situations. In these cases, eyewitness 

descriptions can be the only information. To address this, text-based person search is 

used to identify individuals from image collections based on text queries. 
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Text-to-image person search is a sub-domain of both image-text retrieval [25, 31, 

35] and image-based person Re-ID [ 7 , 29, 36]. Text descriptions offer an in- tuitive 

way to express a person’s features, often easier to access than images. 

This has led to growing interest in the field, with applications in personal photo 

searches and public safety. The main challenge is accurately measuring the sim- ilarity 

between text descriptions and images to retrieve the correct individual from the 

image database based on the provided text query. 

To address these issues, current methods [2] use techniques to increase the simi-

larity of positive text-image pairs while reducing that of negative pairs. Ap- proaches 

like common representation learning [24] and similarity learning [10] have been 

applied. While these methods show promise, many depend on large, well-annotated 

datasets. To reduce data collection costs, co-occurring text-image pairs are often gath-

ered from online sources, creating a large, cost-effective cross- modal dataset. However, 

such data often contains noise, known as noisy corre- spondence, which weakens the 

reliability of cross-modal relationships and affects retrieval performance. This prob-

lem is especially severe with hinge-based triplet ranking loss involving hard nega-

tives [24, 10], where the hard learning approach becomes more vulnerable to noise, 

lowering retrieval accuracy, as shown in our experiments (e.g., Table 1). 

Noisy correspondence is closely related to learning with noisy labels [30, 14], a con-

cept studied in classification tasks. Various methods, like co-teaching [14] and robust 

loss functions [30], have been developed to address noisy labels. However, noisy cor-

respondence involves misalignments between cross-modal pairs [16, 12, 26, 40], 

which differs from noisy labels in classification. Traditional robust learn- ing tech-

niques are inadequate for noisy correspondence, as it involves uncertainty at the in-

stance level rather than the category level. As a result, noisy correspon- dence is much 

more complex than noisy labels, as the number of instances usually exceeds the number 

of categories by far. 

To address these challenges, we propose the Dynamic Uncertainty and Rela- tional 

Alignment (DURA) framework, designed for text-to-image person search in noisy 

environments. DURA introduces a new Cross-modal Evidential Learn- ing (CEL) 

method to identify and handle uncertainty caused by noise, helping to isolate unre-

liable pairs and improve data reliability. To deal with unreliable hard negatives, 

the Dynamic Softmax Hinge (DSH) mechanism increases the difficulty of negative 

samples during training, reducing the impact of noisy cor- respondence. By com-

bining CEL and DSH, DURA effectively distinguishes and uses both clean and noisy 

data. CEL models bidirectional evidence asa Dirichlet distribution based on cross-

modal similarity, addressing uncertainty from noisy correspondence. This evidence 

helps classify the training data into clean and noisy subsets. Finally, DURA uses 

CEL and DSH loss functions to train the model, applying positive learning to the 

clean data and negative learning to the noisy data. In conclusion, the main contri-

butions of this work areas follows: 

- We propose Dynamic Uncertainty and Relational Alignment (DURA) frame- 

work to provide trusted retrieval in an effective and efficient way. Our DURA could 

be directly applied to robustly learn with noisy correspondence for Text-to-Image 

person search. 
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- A Dynamic Softmax Hinge Loss (DSH-Loss) is proposed to mitigate the 

adverse effects of unreliability caused by noisy correspondence. Specifically, DSH 

smoothly increases the difficulty of negative samples during training to improve the 

robustness against noisy correspondence. 

– Extensive experiments verify that the proposed method improves the robust- ness 

against noisy correspondence, especially the high noise rate. Moreover, we provide 

insightful analysis that the learned uncertainty could reduce the negative impacts of 

noisy correspondences, improving the robustness. 

2 Related Work 

2.1 Text-to-Image Person Search 

The concept of Text-to-Image Person Search was introduced by Li et al. [27] with 

the CUHK-PEDES dataset.  Early methods used VGG and LSTM [27 ,  3]  for 

feature extraction, aligning image-text features via matching loss functions. Later 

works [5, 15, 8] employed ResNet and BERT to enhance representations and design 

advanced matching losses. Current approaches are categorized into global-matching 

[34, 20, 42, 21], which align features in a unified space, and local- matching [6, 9, 22, 

37], which focuses on fine-grained alignments like body parts and text elements for 

better retrieval. 

Despite progress, most methods assume perfect training pairs, which is unre- alistic 

due to noise. To address this, Yang et al. [38] proposed a robust learning method 

leveraging isovariant similarity consistency for noisy data. However, it depends on 

high-quality anchor points, and poor selection can lead tomisclassi- fication. 

2.2 Uncertainty-based Learning 

Many deep models[41] have been used with great success in applications, but they use 

deterministic predictions and lack the ability to assess their output uncer- tainty. 

To overcome this challenge, many researches [13, 18, 1] proposed methods to estimate 

the output uncertainty of the models. Kendall et al. [23] proposed the Bayesian deep 

learning framework combining input-related intrinsic uncertainty with knowledge-

based uncertainty, focusing on the application of the model in per-pixel semantic 

segmentation and deep regression tasks. Chen et al. [4] simul- taneously modelled 

the output uncertainty of the models by considering multi- granularity uncertainty 

for both coarse-grained and fine-grained image retrieval, integrating uncertainty 

modelling and uncertainty regularisation to improve re- call and enhance the re-

trieval process. In contrast, our approach focuses more on modelling uncertainty 

across schema correspondences and aims to achieve robustness and reliability in 

text-to-image person search. 
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3 Methodology 

In this section, we presents the proposed Dynamic Uncertainty and Relational 

Alignment (DURA) framework, which incorporates the Key Feature Selector 

(KFS) module and a novel loss function, the Dynamic Softmax Hinge Loss (DSH-Loss), 

to achieve robust cross-modal retrieval. The overview of DURA is illustrated in Fig. 1 

and the details are discussed in the following subsections. 

 

Fig. 1: The overview of our Dynamic Uncertainty and Relational Alignment frame-

work (DURA). illustrating feature extraction, evidence-based uncer- tainty mod-

eling, and evidence-guided training with TAL, CEL, DSH, and KFS .  

3.1 Feature Extraction with Dual-Encodert 

Our framework uses a dual-encoder architecture for feature extraction, utilizing pre-

trained encoders for both image and text to ensure strong cross-modal align- ment. 

Following the success of CLIP in aligning visual and textual embeddings, we ini-

tialize both the image and text encoders with the full CLIP architecture, improving 

the model’s ability to extract semantically aligned features from both modalities. 

Formally, the gallery set is represented as 𝑉 = (𝐼𝑖 , 𝑦𝑖
𝑝

, 𝑦𝑖
𝑣)𝑖 = 1𝑁𝑣, and the cor-

responding textual description set is 𝑇 = (𝑇𝑖 , 𝑦𝑖
𝑣)𝑖 = 1𝑁𝑣 , where Nv and Nt denote 

the number of images and texts, respectively. The label 𝑦𝑖
𝑝

∈ 𝑌𝑝 =1,..., C is the class 

label (person identity), with C being the total number of identities,  and 𝑦𝑖
𝑣

 
∈  𝑌𝑣

  
=

 1, . . . ,  Nv  is the image label.  The paired image-text dataset for TIPeID is defined as 

𝑃 = (𝐼𝑖 , 𝑇𝑖 , 𝑦𝑖
𝒱 , 𝑦𝑖

𝒫)𝑖=1
𝑁 , where each image-text pair shares the same image label 𝑦𝑖

𝒱  and 

class label 𝑦𝑖
𝒫. 

Image Encoder: Given an input image 𝐼 ∈ ℝ𝐻×𝑊×𝐶 ,  We use a CLIP pre-  trained 

Vsion Transformer (ViT) to extract image embeddings. An input image 𝐼 ∈ ℝ𝐻×𝑊×𝐶  

is dvided into 𝑁 =
𝐻×𝑊

𝑃2  non-overlapping patch size. Each patch is flattened and 
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transformed into a token representation {𝑓𝑣
𝑖}𝑖=1

𝑁
 
with positional embeddings added 

and a special [CLS] token prepended. This tokenized sequence is processed through L-

layer transformer blocks with self-attention, and the [CLS] token output 𝑓𝑡
𝑐𝑙𝑠 captures 

the global image representation. A linear projection maps 𝑓𝑡
𝑐𝑙𝑠to a shared image-text 

embedding space for alignment with text embeddings. 

Text Encoder: Given an input text Ti ,  We use a CLIP pre-trained transformer- 

based text encoder. Input text Ti  is tokenized using byte pair encoding (BPE) into a 

sequence of subword tokens. Special tokens [SOS] and  [EOS] are added to mark the 

boundaries, resulting in a sequence {𝑓𝑡
sos, 𝑓𝑡

1, … , 𝑓𝑡
𝑁 , 𝑓𝑡

feos}. This sequence is pro-

cessed through L-layer transformer blocks with self-attention, and the [EOS] token 

output 𝑓𝑡
feos

 captures the global text representation. A lin-ear projection maps 𝑓𝑡
feos

 to 

the shared image-text embedding space, enabling alignment with image embeddings. 

To measure the similarity between animage-text pair (𝐼𝑖 , 𝑇𝑗 ), we utilize the 

global features represented by the [CLS] and [EOS] tokens. The global embedding 

similarity 𝑆𝑖 𝑗 is computed using cosine similarity, defined as: 

 𝑆𝑖𝑗 =
𝑓𝑣

𝑐𝑙𝑠𝑇
·𝑓𝑡

Eos

‖𝑓𝑣
𝑐𝑙𝑠‖‖𝑓𝑡

Eos‖
 (1) 

Here, 𝑓𝑡
feos

 represents the global text embedding derived from the [EOS] token, 

while 𝑓𝑣
feos

 denotes the global image embedding obtained from the [CLS] token. 
These global embeddings are used to compute the similarity 𝑆𝑖𝑗 between the image 

and text in the shared multimodal embedding space. Additionally, {𝑓𝑡
𝑗
}j=1

𝑁
 and {𝑓𝑣

𝑗
}j=1

𝑁
 

correspond to the local features extracted from the N  word token  in the text 𝑇𝑖  

and the N patches in the image 𝐼𝑖  , respectively, providing fine- grained contextual 

representations. 

3.2 Key Feature Selector 

While global embeddings obtained from [CLS] and [EOS] tokens capture high-  

level similarities between image-text pairs, they often overlook subtle, fine-grained 

details essential for accurate text-to-image person search. To address this issue,  we 

introduce a Key Feature Selector (KFS) module that enhances the discriminative 

power of the learned representations by incorporating informative local features. 

We begin by applying L2 normalization to both visual and textual features: 𝑓
^

𝑣
𝑖 =

L2Norm(𝑓𝑣
𝑖) and 𝑓

^

𝑡
𝑖 = L2Norm(𝑓𝑡

𝑖) This normalization step ensures consistent mag-

nitudes across features, improving their stability and reliability, especially under noisy 

conditions. 

Next, we refine features using Max-K pooling, which selects the top k values 

and averages them. This process emphasizes the most discriminative components, 

allowing the model to focus on the critical cues that distinguish one identity from 

another. 

Before pooling, we further enhance feature representations using a combination of 

MLP, FC, and a Squeeze-and-Excitation (SE) layer at the MLP’s output. The MLP 
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and FC layers transform the input features into a richer, more expressive space, 

while the SE layer adaptively recalibrates channel-wise feature responses, highlight-

ing informative dimensions and suppressing less relevant ones. 
Formally, the visual and textual features 𝐹𝑣

𝑖 and 𝐹𝑡
𝑖
  are computed as: 

 𝐹𝑣
𝑖 = MaxPool(SE(MLP(𝑉𝑖

𝑠)) + FC(𝑓𝑣
𝑖)), (2) 

 𝐹𝑡
𝑖 = MaxPool(SE(MLP(𝑇𝑖

𝑠)) + FC(𝑓𝑡
𝑖)) (3) 

By integrating global and local perspectives within DURA, the KFS module 

ensures a balanced representation that captures both high-level alignment and fine-

grained distinctions. This leads to improved robustness and accuracy in text- to-image 

person search, particularly in complex and noisy retrieval scenarios. 

3.3 Uncertainty Modeling 

In this section, we model cross-modal uncertainty using the Dempster-Shafer 

Theory of Evidence, guided by the principles of Subjective Logic. Consider a 

mini-batch of N  image-text pairs. For each pair (𝐼𝑖 , 𝑇𝑗), we first compute a 

similarity score 𝑆𝑖𝑗. To translate this score into evidence, we apply an evidence 

extractor 𝑓(·): 

 𝑒𝑖𝑗 = 𝑓(𝑆𝑖𝑗) = exp(tanh(𝑆𝑖𝑗/𝑇)), (4) 

where 0 < T < 1 is a scaling parameter. Thus, for a given visual query 𝐼𝑖 , the 

evidence vector 𝑒𝑖 → 𝑇𝑖 can be extracted from the cross-modal similarities using 

Equation (4), i.e., 𝑒𝑖 → 𝑇𝑖 =  [e𝑖1 , e𝑖2, . . . , e𝑖𝑁]  . Similarly, the evidence vector 𝑒𝑇2 → 𝑖 

for a given textual query 𝑇𝑖 can be obtained as: 𝑒𝑇2 → 𝑖 =  [e1𝑖 , e2𝑖 , . . . , e𝑁𝑖]  . 

Subjective Logic assigns a belief mass to each query and an overall uncer- tainty 

mass based on the collected cross-modal evidence (e.g., ei→Ti   andeTi → i  ), which can 

be defined as: 

 𝑏𝑖𝑗 =
𝑒𝑖𝑗

𝐿𝑖
and 𝑢𝑖 =

𝑁

𝐿𝑖
, (5) 

where: 𝐿𝑖 = ∑ (𝑒𝑖𝑗 + 1)
𝑁

𝑗=1
 and 𝑢𝑖 + ∑ 𝑏𝑖𝑗 = 1

𝑁

𝑗=1
. The term 𝐿𝑖  represents the 

strength of the Dirichlet distribution, while the belief mass assignment 𝑏𝑖 =
[𝑏𝑖1, 𝑏𝑖2, . . . , 𝑏𝑖𝑁 ] corresponds to subjective opinions derived from the Dirichlet 

distribution with parameters 𝛼𝑖 = [𝛼𝑖1, 𝛼𝑖2, . . . , 𝛼𝑖𝑁 ], where: 𝛼𝑖𝑗 = 𝑒𝑖𝑗 + 1. 

Intuitively, cross-modal retrieval is analogous to classifying instances (i.e., 

pairs), where the query similarity aligns with the probability assignment. The Di-

richlet distribution, parametrized by the evidence, represents the density of these 

probability assignments. Thus, 𝛼𝑖 models second-order probabilities and uncertain-

ties. The density function is defined as: 

 𝐷(p𝑖|α𝑖) = {
1

𝐵(α𝑖)
∏ 𝑝

𝑖𝑗

𝛼𝑖𝑗−1𝑁
𝑗=1 , for p𝑖 ∈ 𝒮𝑁 ,

0, otherwise,
 (6) 
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where 𝑝𝑖 ∈ ℝ𝑁 are the query probabilities, 𝐵(𝛼𝑖 ) is the N-dimensional multinomial 

beta function, and SN  denotes the N-dimensional unit simplex . 

In this manner, the evidence extracted from cross-modal similarities informs a 

second-order distribution (the Dirichlet), representing both the likelihood of each 

potential match and the associated uncertainty. This approach ensures a more robust 

handling of noisy and uncertain retrieval scenarios. 

3.4 Cross-modal Evidential Learning 

Following the approach of [33], we treat cross-modal retrieval as a K-way clas- 

sification task,where each query is expected to match its corresponding target. Let 

𝑦𝑖 bea K-dimensional one-hot vector indicating the correct match for query i. The 

model produces evidence 𝛼𝑖  =  [𝛼𝑖1, . . . , 𝛼𝑖𝐾 ] that parameterizes a Dirich-let dis-

tribution, modeling both the probability assignments and their associated uncer-

tainty. 

To align the model’s probability estimates 𝔼[𝑝𝑖𝑗] =
𝛼𝑖𝑗

𝐿𝑖
(with 𝐿𝑖 = ∑ 𝛼𝑖𝑘

𝐾
𝑘=1 ) to the 

ground truth 𝑦𝑖, we employ the following mean-squared loss over the Dirichlet 

distribution: 

 ℒ𝑚(𝛼𝑖 , 𝑦𝑖) = ∑ [(𝑦𝑖𝑗 − 𝛼𝑖𝑗)2 +
𝛼𝑖𝑗(𝐿𝑖−𝛼𝑖𝑗)

𝐿𝑖
2(𝐿𝑖+1)

]
𝐾

𝑗=1
 (7) 

Minimizing 𝐿𝑚 encourages the expected probabilities to approximate the ground 

truth while reducing uncertainty. 

However, 𝐿𝑚 alone does not ensure that evidence for negative matches di- min-

ishes. To address this, we introduce a Kullback-Leibler (KL) divergence term that 

penalizes excessive evidence for incorrect targets. We define: 

 𝑖   = 𝑦𝑖 + (1 − 𝑦𝑖 ) ⊙ 𝛼𝑖  , (8) 

and measure the divergence from a uniform Dirichlet distribut D(𝑃𝑖|1):  

 ℒKL(𝛼𝑖 , 𝑦𝑖) = KL(𝐷(𝑝𝑖|𝛼
~

𝑖) ∥ 𝐷(𝑝𝑖|1)). (9) 

This term encourages the model to reduce unwarranted evidence for mismatched 

pairs,enhancing robustness against noisy matches. 

For animage query Ii , the evidential loss is: 

 ℒ𝑒
𝑖2𝑡(𝐼𝑖 , 𝑙𝑖) = ℒ𝑚(𝛼𝑖

𝑖2𝑡 , 𝑙𝑖) + 𝜆2ℒKL(𝛼𝑖
𝑖2𝑡, 𝑙𝑖), (10) 

where 𝜆2 is a balance factor.  Similarly,  we define ℒ𝑒
2𝑖(𝑇𝑖 , 𝑙𝑖) for text-to-image 

retrieval. Combining them yields a bidirectional evidential loss: 

 ℒ𝑒(𝐼𝑖 , 𝑇𝑖 , 𝑙𝑖) = ℒ𝑒
𝑖2𝑡(𝐼𝑖 , 𝑙𝑖) + ℒ𝑒

𝑡2𝑖(𝑇𝑖 , 𝑙𝑖). (11) 

In essence, this evidential learning framework provides a principled way to 

handle uncertain and noisy matches in cross-modal retrieval. By treating re- 

trieval as a classification problem under a Dirichlet prior, we can jointly optimize 
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For an input pair (𝐼𝑖 , 𝑇𝑖 ) in a mini-batch x, TAL is defined as: 

ℒTAL(𝐼𝑖 , 𝑇𝑖) = [𝑚 − 𝑆𝑖→𝑡
+ (𝐼𝑖) + 𝜏log (∑ exp (

𝑆(𝐼𝑖 , 𝑇𝑗)

𝜏
))]

𝐾

𝑗=1

+

 

+[𝑚 − 𝑆𝑡→𝑖
+ (𝑇𝑖) + 𝜏log(∑ exp(

𝑆(𝐼𝑗,𝑇𝑖)

𝜏
))]

𝐾

𝑗=1

+

 (14) 

where m is a positive margin coefficient, τ is a temperature coefficient to control 

hardness, 𝑆(𝐼𝑖 , 𝑇𝑗) ∈ {𝒮𝑖𝑗
𝑏 , 𝒮𝑖𝑗

𝑡 }, [𝑥]
+  

≡  𝑚𝑎𝑥(𝑥, 0), 𝑒𝑥𝑝(𝑥)  ≡  𝑒𝑥
 
, 𝑎𝑛𝑑 𝐾 is the size of 𝑥. 

From Lemma 1, as T → 0, TAL approaches TRL and focuses more on hard negatives. 

Since multiple positive pairs from the same identity may appear in the mini-batch, is 

the weighted average similarity of positive pairs for image 𝐼𝑖 

 𝑆𝑖→𝑡
+ (𝐼𝑖) = ∑ 𝛼𝑖𝑗𝑆(𝐼𝑖 , 𝑇𝑗)

𝐾

𝑗=1
 (15) 

3.7 Overall Loss Function 

DURA aims to enhance global image-text representations in a joint embedding space 

by integrating multiple objectives. Specifically, it utilizes an evidential loss (Le ) for 

handling noisy correspondences, a Dynamic Softmax Hinge loss (𝐿ℎ ) for control-

ling the difficulty of negative samples, and a Triplet Alignment Loss (𝐿𝑇𝐴𝐿 )  for 

stable and comprehensive cross-modal alignment.  Together,  these losses foster 

fine-grained feature interaction, uncertainty modeling, and robust image-text match-

ing. 

We train DURA in an end-to-end fashion, combining all components into a single 

optimization objective: 

 ℒtotal = ℒ𝑒(𝐼, 𝑇, 𝑙) + ℒℎ(𝐼, 𝑇) + ℒTAL(𝐼, 𝑇) (10) 

4 Experiments 

In this section,we evaluate our DURA framework on three widely used text-to-

image person search datasets—CUHK-PEDES, ICFG-PEDES—under various noise 

conditions to demonstrate its robustness. 

4.1 Datasets and Performance Measurements 

CUHK-PEDES [28], the first text-to-image person retrieval dataset, includes 40,206 

images and 80,412 descriptions for 13,003 identities. Split: training (11,003 identities, 

34,054 images, 68,108 descriptions), validation (1,000 identities, 3,078 images, 6,158 

descriptions), test (1,000 identities, 3,074 images, 6,156 descriptions). Descriptions av-

erage 23 words. 

ICFG-PEDES [9] has 54,522 images for 4,102 identities, each with one 37-word 

description. Training: 3,102 identities, 34,674 image-text pairs. Test: 1,000 identities, 

19,848 pairs. Notable for one-to-one image-text pairing. 
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Evaluation Metrics: Rank-k (k=1, 5, 10) measures top-k retrieval accuracy. Mean 

Average Precision (mAP) and mean Inverse Negative Penalty (mINP) [39] assess over-

all performance. Higher values indicate better results. 

4.2 Implementation Details 

DURA uses CLIP-ViT-B/16 as the image encoder and CLIP text Transformer as the 

text encoder, with a multimodal interaction encoder (512 hidden size, 8 attention 

heads). Data augmentations include random horizontal flip, crop, and erasing; a Key 

Feature Selector uses a 0.5 sampling ratio. Images are resized to 384×128, and text 

sequences are truncated to 77 tokens. 

Training spans 60 epochs with the Adam optimizer, a starting learning rate of 8×10⁻⁶, 

cosine decay, and a 2-epoch warm-up. Following RDE, TAL’s margin is 0.1, and tem-

perature τ is 0.015. Experiments run on a single RTX 2080 Ti GPU, ensuring robust 

evaluation of DURA’s noise resistance and cross-modal feature extraction. 

 

Fig. 2: We visualize the evidence distribution of clean and noisy pairs at different train- ing 

stages of our DURA, which is conducted on CHUKPEDES under 20% noise. 

4.3 Comparison with Noise Correspondence 

We compare our DURA model with six state-of-the-art baselines: SSAN [9], IVT [34], 

IRRA [19], DECL [33], RDE [32], and CLIP-C, using CLIP-ViT-B/16 as the baseline. 

Experiments evaluate text-to-image person search on CUHK-PEDES, ICFG-PEDES, 

and RSTPReid datasets, with noisy correspondences (0%, 20%, 50%) introduced by 

shuffling images. For rigor, RDE was rerun on an RTX 2080 Ti 12GB GPU, denoted 

RDE*. 

CUHK-PEDES: Table 1 shows DURA’s superior robustness to noise. At 20% noise, 

DURA achieves 75.04% (Rank-1), 89.74% (Rank-5), 93.66% (Rank-10), 66.81% 

(mAP), and 50.48% (mINP), outperforming all baselines. DURA maintains strong per-

formance across low and high noise, with minimal degradation, highlighting its resili-

ence. 

ICFG-PEDES: DURA’s dominance on the 1K test set. At 50% noise, DURA im-

proves Rank-1 by up to 12% over baselines, excelling in all metrics (Rank-1, Rank-5, 

Rank-10, mAP, mINP) under both low and high noise, demonstrating robust retrieval. 

RSTPReid: DURA’s exceptional performance at high noise, achieving 62.94% 

(Rank-1), 83.55% (Rank-5), 89.45% (Rank-10), 47.92% (mAP), and 25.55% (mINP). 

RDE* ranks second, but DURA consistently leads, showcasing adaptability to noisy 

conditions. 
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Table 1:  Performance comparison on CUHK-PEDES and ICFG-PEDES with varying 

noise rates. “Best” uses the optimal validation checkpoint; “Last” uses the final training 

epoch checkpoint.  Best and second-best results are in bold and underline, respectively. 

Noise Methods 
CUHK-PEDES ICFG-PEDES  

Typ e  R -1  R -5  R-10 m A P  m I N P  R -1  R -5  R-10 m A P  m I N P  

 

 

0% 

SSAN 

I V T  

CFine 

IRRA 

DECL 

RDE
*

 

DUR A  

Best  

Best 

Best 

Best 

Best  

Best 

Best 

61.37 

65.59  

69.57  

73.38 

71.36 

75.76 

76.14 

80.15  

83.11  

85.93 

89.93 

88.11 

90.14 

90.42 

86.73 

89.21 

91.15 

93.71 

92.48  

94.18 

94.25 

-
 

-
 

-
 

66.13 

64.25 

67.56 

67.68 

-
 

-
 

-
 

50.24 

48.26 

51.43 

51.57 

54.23 

56.04 

60.83 

63.46 

63.42 

67.68 

67.88 

72.63 

73.60 

76.55 

80.25 

79.29 

82.47 

82.67 

79.53 

80.22 

82.42 

85.82 

84.89 

87.36 

87.66 

- 

- 

- 

38.06 

37.02 

40.06 

40.37 

- 

- 

- 

7.93 

6.57 

7.87 

8.21 

20% 

SSAN 

 

I V T  

 

IRRA 

 

CLIP- C  

 

DECL 

 

RDE
*

 

 

DUR A  

Best  

Last  

Best  

Last  

Best  

Last  

Best  

Last  

Best  

Last  

Best  

Last  

Best  

Last 

46.52  

45.76  

58.59  

57.67  

69.74  

69.44  

66.41  

66.10  

70.29  

70.08  

74.46  

74.53 

75.04 

74.60 

68.36 

67.98 

78.51 

78.04 

87.09 

87.09 

85.15 

86.01 

87.04 

87.20 

89.10 

89.23 

89.74 

89.44 

77.42 

76.28 

85.61 

85.02 

92.20 

92.04 

90.89 

91.02 

91.93 

92.14 

93.63 

93.55 

93.66 

93.45 

42.49 

40.05 

57.19 

56.17 

62.28 

62.16 

59.36 

59.77 

62.84 

62.86 

66.13 

66.13 

66.81 

66.43 

28.13 

24.12 

45.78 

44.42 

45.84 

45.70 

43.02 

43.57 

46.54 

46.63 

49.66 

49.63 

50.48 

50.23 

40.57 

40.28 

50.21 

48.70 

60.76 

60.58 

55.25 

55.17 

61.95 

61.95 

66.54 

66.51 

66.62 

66.53 

62.58 

62.68 

69.14 

67.42 

78.26 

78.14 

74.76 

74.58 

78.36 

78.36 

81.70 

81.70 

81.96 

81.72 

71.53 

71.53 

76.18 

75.06 

84.01 

84.20 

81.32 

81.46 

83.88 

83.88 

86.70 

86.71 

86.86 

86.72 

20.93 

20.98 

34.72 

34.44 

35.87 

35.92 

31.09 

31.12 

36.08 

36.08 

39.08 

39.09 

39.53 

39.34 

2.22 

2.25 

8.77 

9.25 

6.80 

6.91 

4.94 

4.97 

6.25 

6.25 

7.55 

7.56 

7.72 

7.68 

50% 

SSAN 

 

I V T  

 

IRRA 

 

CLIP- C  

 

DECL 

 

RDE
*

 

 

DUR A  

Best 

Last 

Best 

Last 

Best 

Last 

Best 

Last 

Best 

Last 

Best 

Last 

Best 

Last 

13.43 

11.31  

50.49 

42.02 

62.41  

42.79  

64.02  

63.97  

65.22  

65.09 

71.33 

71.25  

70.89 

 70.84 

31.74 

28.07 

71.82 

65.04 

82.23 

64.31 

83.66 

83.74 

83.72 

83.58 

87.41 

87.39 

87.21 

87.04 

41.89 

37.90 

79.81 

73.72 

88.40 

72.58 

89.38 

89.54 

89.28 

89.26 

91.81 

91.76 

91.78 

91.78 

14.12 

10.57 

48.85 

40.49 

55.52 

36.76 

57.33 

57.35 

57.94 

57.89 

63.50 

63.59 

63.13 

63.59 

6.91 

3.46 

36.60 

27.89 

38.48 

21.11 

40.90 

40.88 

41.39 

41.35 

47.36 

47.50 

46.68 

46.85 

18.83 

17.06 

43.03 

36.57 

52.53 

39.22 

51.60 

51.49 

57.50 

57.49 

63.76 

63.76 

64.08 

63.85 

37.70 

37.18 

61.48 

54.83 

71.99 

60.52 

71.89 

71.99 

75.09 

75.10 

79.53 

79.53 

79.87 

79.63 

47.43 

47.85 

69.56 

62.91 

79.41 

69.26 

79.31 

79.32 

81.24 

81.23 

84.91 

84.91 

84.6 

84.58 

9.83 

6.58 

28.86 

24.30 

29.05 

19.44 

28.76 

28.77 

32.64 

32.63 

37.38 

37.38 

37.57 

37.55 

1.01 

0.39 

6.11 

5.08 

4.43 

1.98 

4.33 

4.37 

5.27 

5.26 

6.80 

6.80 

7.06 

7.02 
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Table 4: Ablation studies on the CUHK-PEDES dataset 

No. Methods R-1 R-5 R - 1 0  m A P  m I N P  

0 Baseline 66.41 85.15 90.89  59.36 43.02 

1 + T A L  70.45 86.74 91.52  62.33 45.77 

2 + T A L + L h  71.05 87.15 91.80  63.26 46.89 

3 + T A L + L e  70.74 87.22 91.85  63.25 46.85 

4 + T A L + K F S  73.44 88.87 92.32  65.24 48.69 

5 + T A L + K F S  + L e  74.58 88.97 92.73  66.09 49.81 

6 + T A L + K F S  + L h  74.08 88.74 92.52  65.96 49.09 

7 + T A L + K F S + L e  + L h  75.04 89.74 93.66 66.81 50.48 

4.4 Ablation Study 

We performed an ablation study on CUHK-PEDES with 20% noise, using CLIP-ViT-

B/16 as the baseline to evaluate DURA’s components. Table 4 shows: (1) TAL alone 

(No.0 vs. No.1) boosts Rank-1 (+4.04%), Rank-5 (+1.59%), Rank-10 (+0.63%), mAP 

(+2.97%), and mINP (+2.75%). (2) Adding KFS atop TAL (No.1 vs. No.4, No.2 vs. 

No.6, No.3 vs. No.5) significantly improves all metrics. (3) Le or Lh with TAL and 

KFS (No.4 vs. No.5, No.4 vs. No.6) partially enhances performance. (4) Full DURA 

(No.7) achieves top results: 75.04% (Rank-1), 89.74% (Rank-5), 93.66% (Rank-10), 

66.81% (mAP), and 50.48% (mINP), confirming robust component synergy. 

5 Conclusion 

In this work, we present the Dynamic Uncertainty and Relational Alignment 

(DURA) framework, aimed at improving text-based person search under noisy con-

ditions. DURA leverages a Key Feature Selector (KFS) and a Dynamic Soft- max 

Hinge Loss (DSH-Loss) to robustly handle noisy training pairs, while its cross-

modal evidentiallearning distinguishes clean from noisy data. Experiments on CUHK-

PEDES, ICFG-PEDES, and RSTPReid confirm that DURA consis- tently outper-

forms existing methods, especially in high-noise scenarios, demon- strating its prac-

tical effectiveness when data quality is limited. 
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Abstract. As a personalized recommendation technology, the recommendation 
system aims to predict users' preferences for items and provide recommendation 
services for users. Movie recommendation technology can help users quickly find 
their preferred movies and thus meet their viewing needs. Traditional context-
based movie recommendation models only use text data, obtaining limited infor-
mation from single-modal data and failing to fully address the problem of data 
sparsity. This paper proposes a multimodal movie recommendation model (Lay-
ered Multi-head Attention Dynamic Graph, LMADG) that integrates text and im-
age data, aiming to capture the dynamic changes in user interests and the graph 
structure information of user-movie interactions. By combining Graph Convolu-
tional Network (GCN) and temporal attention mechanisms, LMADG can effec-
tively extract the temporal features of users and movies and generate personalized 
recommendation results. Finally, comparative experiments are conducted on the 
Movielens-1M, TMDB, and Netflix Prize datasets, verifying that the proposed 
model has better recommendation quality. 
Keywords: Multi -modal,  Graph convolutional network, Movie recommenda-
tion, Temporal attention mechanism 

1 Introduction  

In the Internet era, in order to effectively mine useful information for users, recom-
mender systems have been widely used in many fields [1-4], and and have also become 
a research hotspot for alleviating the problem of information overload. Due to data 
sparsity, the performance of traditional recommendation algorithms is greatly limited 
[5]. Therefore, solving the problem of rating data sparsity is of great significance to 
improve the performance of the recommendation system. Traditional recommendation 
algorithms usually only consider ratings, and if the rating matrix is sparse, the perfor-
mance of the algorithm will be negatively affected [6]. To enhance the performance of 
recommendation algorithms, some studies use auxiliary information such as movie at-
tributes and movie reviews in the recommendation model of recommendation systems 
[7,8]. However, single-modal text data contains limited information and cannot effec-
tively deal with the problem caused by data sparsity. In fact, image information has a 
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huge influence on user preferences and plays a crucial role in improving the perfor-
mance of the recommendation system. The LMADG proposed in this paper fully inte-
grates text and image features, which brings significant results for the improvement of 
the accuracy of the recommendation system. 

2 Related theories 

2.1 Recommender systems 

With the rapid advancement of deep learning technologies, deep learning algorithms 
are capable of effectively extracting the latent representations of auxiliary information, 
thereby enhancing the accuracy of recommendation rating predictions, so they are 
widely used in recommendation systems [9]. At present, there are three main types of 
recommendation system models: one is content-based recommendation model; The 
second is the recommendation model based on collaborative filtering. The third is a 
hybrid recommendation model. The user-based collaborative filtering algorithm (Us-
erCF) employs a clustering-based approach to compute similarity metrics. [10]. T The 
core concept of the user-based collaborative filtering algorithm is to recommend items 
to the target user that have been favored by other users but with which the target user 
has not yet interacted, and the target user has similar interests and hobbies with other 
users, as shown in Fig. 1. The item-based collaborative filtering algorithm (ItemCF) 
relies on the common rating value of users for items to calculate the similarity [11]. 
However, Due to the low overlap in items purchased by different users, it becomes 
challenging for the algorithm to identify users with similar preferences, and there is a 
data sparsity problem. In addition, the required storage space keeps increasing as the 
number of users increases. In order to find similar users quickly, UserCF needs to spend 
a lot of storage overhead to maintain the user similarity matrix. The idea of item-based 
collaborative filtering algorithm is to recommend similar items to users based on their 
favorite items, and calculate the similarity between items using the user's historical 
preference data, as shown in Fig. 2. However, collaborative filtering algorithm is diffi-
cult to apply the similarity of items to other items, resulting in weak generalization 
ability. To solve this problem, Matrix Factorization was proposed in 2006, which uses 
more dense latent vectors to represent users and items, and mines hidden features based 
on collaborative filtering co-occurrence matrix, which can alleviate the problem of data 
sparsity to some extent. 
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Fig. 1. User-based collaborative filtering algorithm      Fig. 2. Item-based collaborative filtering 

algorithm 
There are some limitations in purely using collaborative filtering methods, which is 

because the recommendation technology of collaborative filtering has the cold start 
problem. One of the current solutions is to combine the advantages of various recom-
mendation algorithms and use hybrid model recommendation method. Hybrid recom-
mendation can be combined with real-time recommendation system by using weighted 
hybrid method [12], and the recommendation result of short-term preference is obtained 
by calculating, and it is assigned the highest weight and placed at the top of the recom-
mendation list. In recent years, complex models such as deep learning have been widely 
used in industry, and the integration of multiple data into a model or framework has 
also played a significant role in recommendation systems. The hybrid recommendation 
method can also address the user cold-start problem through a hybrid strategy [13]. 

2.2 Word Embedding method 

Word Embedding [14] is a technique that maps words from a high-dimensional space 
to a low-dimensional space. Word embedding methods represent words as real-valued 
vectors, and enable similar words to possess similar vector representations in the em-
bedding space by capturing their semantic and syntactic relationships. Popular word 
embedding methods include distributed word vector encodings (Word2Vec, GloVe) 
and pre-trained models (BERT) [15]. 

BERT (Bidirectional Encoder Representations from Transformers) [16], a trans-
former-based pre-trained language model, was proposed by Google in 2018. Different 
from the traditional word embedding methods (Word2Vec, GloVe), BERT can capture 
the semantic information of words in different contexts. The Transformer model in it 
uses the Self-Attention Mechanism to capture the relationship between different posi-
tions in the input sequence. An encoder-decoder structure is employed to address the 
sequence-to-sequence mapping. Fig. 3 shows the structure of the BERT pre-trained 
model. 
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Fig. 3. BERT Model Architecture 

 
In the pre-training phase of BERT, the model learns context-sensitive representa-

tions of words by unsupervised training on large-scale text corpus. The pre-training task 
included two stages: MLM (Masked Language Model) [17] and NSP (Next Sentence 
Prediction) [18]. In MLM, part of the words of the input sequence were randomly 
masked, and the masked words needed to be predicted by other words in the context. 
This task enables the model to understand the context information of words and learn 
the semantic relationship between words. By receiving two sentences as input, NSP 
needs to determine whether the two sentences are consecutive, and this task enables the 
model to understand the relationship between sentences. The BERT model comprises 
multiple layers of Transformer encoders. Since BERT is pre-trained, only the encoder 
part is usually used. BERT uses Multi-Head Self-Attention to capture relationships in 
the input sequence [19]. Also included are structures such as Feedforward Neural Net-
work layer and Residual Connections. 

2.3 Graph Neural Networks 

Graph Neural Network (GNN) [20] is a type of deep learning model designed to process 
graph data, where a graph is a network structure composed of nodes and edges. Graph 
neural networks are able to learn node features on a graph and propagate and aggregate 
them based on the structure of the graph to generate new feature representations for 
nodes, edges, or the entire graph. Graph Convolutional Network (GCN) is a typical 
representative of GNN, which is a deep learning model for graph-structured data. It 
aims to learn the representation of nodes in the graph structure, so that these represen-
tations can capture the neighbor structure and global topology information of nodes in 
the graph. GCN utilizes the adjacency matrix of the graph to represent the connection 
relationships between nodes and leverages the node feature matrix to represent the fea-
tures of each node. The representation of a node is updated by aggregating the features 
of a node and the features of its neighbor nodes. 
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Consider a batch of graph data, there are N nodes, each node contains its own fea-
tures, these node features form an �0×�& dimensional matrix �: , the relationship between 
the various nodes form an �0×�0 dimensional adjacency matrix �#, matrix �:  and adja-
cency matrix �# are used as the input of the model. The propagation mode between the 
middle layer and layer of GCN is as follows. 

 �* �:�ß�>�5�; 
L �ê�@�&
é�?
�-
�. �#���&
é�?

�-
�. �* �:�ß�;�9 �:�ß�;�A (1) 

where �&
é denotes the degree matrix of �#, that is, the degree of each node. �# is the adja-
cency matrix of the graph. The adjacency matrix �# is added to the identity matrix �+ to 
obtain �#�� to prevent information loss during node information propagation. �* �:�ß�; repre-

sents the input features and �9 �:�ß�; represents the parameter matrix. �&
é�?
�-
�. �#���&
é�?

�-
�. is used for 

normalization to avoid the information imbalance problem during information aggre-
gation. Through the stacking of multi-layer GCN, each node can aggregate the infor-
mation of its neighbor nodes, so as to extract deeper features to better obtain graph 
structure information. 

2.4 Attention mechanism 

Attention Mechanism [21] dynamically assigns weights to better focus on important 
parts of the input data. The basic idea is to dynamically calculate a weight vector in the 
input sequence to represent the importance of each input element. The weight vector is 
usually the same length as the input sequence and is normalized so that the sum of all 
weights is 1. These weights are then weighted and summed with the input sequence to 
obtain a weighted representation where important parts get higher weights and less im-
portant parts get lower weights. 

Multi -head self-attention [22] contains three parts, which are the target word feature 
vector �3, the context feature vector �- , and the original vector �8. The weights obtained 
from the similarity calculation of �3 and �-  are applied to reconstruct the original vector 
�8, and the formula is given below. 

 �#�P�P�A�J�P�E�K�J�:�3�á�- �á�8�; 
L �5�K�B�P�I�=�T
l
�Ê�Ä�Å


¥�×�Ö

p�8 (2) 

 �#�P�P�A�J�P�E�K�J
F �K�Q�P�L�Q�P
L �#�P�P�A�J�P�E�K�J�:�3�á�- �á�8�; (3) 

3 Multimodal model design 

3.1 Multimodal alignment and fusion 

Film review websites contain rich text and image information, providing valuable ref-
erences for users' browsing. In the existing multimodal representation learning meth-
ods, the embedding features of images and texts are respectively in their own spaces 
due to the large amount of image and text features, making it difficult for multimodal 
encoders to learn and model the interaction between images and texts. To address this 
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challenge, this paper adopts a method of aligning images and texts before fusion and 
introduces a contrastive loss function (image-text contrastive loss) to align the repre-
sentations of images with those of texts before their embedding fusion. The framework 
of multimodal alignment and fusion is shown in Fig. 4. 

 
 

Fig. 4. Diagram of multimodal alignment and fusion framework 
 

The multimodal alignment and fusion framework consists of three parts: image en-
coding, text encoding, and multimodal encoding. The image encoding uses a 12-layer 
ViT-B/16 model, the text encoding adopts the first 6 layers of the transformer in the 
BERT model, and the multimodal encoding uses the last 6 layers of the transformer. 
Firstly, the vectors of the image and text are obtained after passing through the fully 
connected layer and softmax. The classification tokens of the image and text are input 
into the same space for alignment. Then, in the multimodal transformer, the cross-at-
tention mechanism in the multimodal encoding is used to fuse the tokens of the image 
and text to represent the features of the image-text fusion. Finally, the fully connected 
layer and softmax are connected to predict whether the image-text pair matches. The 
final objective function is trained by calculating three loss functions, and the introduc-
tion of each loss function is as follows: 

ITC (Image-Text Contrastive Learning) is the image-text contrastive loss. The image 
is processed by ViT to obtain the image token �å�a�j�q, and the text is processed by BERT 
base to obtain the text token �S�a�j�q. The original tokens obtained from the image and text 
encodings are respectively projected from 1*768 dimensions to 1*256 dimensions 
through fully connected layers, and then normalized by softmax to obtain the vectors 
�C�t and �C�u . The formula for the similarity between the image and text is as follows: 

 �O�:�+�á�6�; 
L �C�é�:�R�Ö�ß�æ�;�X�C�ê�:�S�Ö�ß�æ�; (4) 

 �O�:�6�á�+�; 
L �C�ê�:�S�Ö�ß�æ�;�X�C�é�:�R�Ö�ß�æ�; (5) 
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Then, the similarity between the image and the text is compared by calculating the 
cosine similarity between the normalized projection vectors �C�é and �C�ê . The goal of 
contrastive learning is to maximize the similarity scores between positive sample pairs 
while minimizing the similarity scores between negative sample pairs. Compared with 
other unmatched negative samples, the positive sample pairs of matching images and 
texts hope to obtain a higher similarity. The similarity calculation formulas from image 
to text and from text to image are as follows: 

 �L�à
�g�6�r�:�+�; 
L

�c�v�n�@
�Þ�:�º�á�Å�Ø�;


�
�A

�Ã ���¾
�Ø�8�- �c�v�n�@

�Þ�:�º�á�Å�Ø�;

�

�A
 (6) 

 �L�à
�r�6�g�:�6�; 
L

�c�v�n�@
�Þ�:�Å�á�º�Ø�;


�
�A

�Ã ���¾
�Ø�8�- �c�v�n�@

�Þ�:�Å�á�º�Ø�;

�

�A
 (7) 

where �ì represents the temperature coefficient, which is used to adjust the smoothness 
of the similarity score in the loss function. Let �U�Ü�6�ç�:�+�; and �U�ç�6�Ü�:�6�; be the correspond-
ing GT (Ground Truth) labels, then the ITC objective function is the cross-entropy loss 
function between p and y, as shown in the following formula: 

 �.�Ü�ç�Ö
L
�5

�6
�' �:�Â�á�Í �;�ý�½�B�* �@�U�Ü�6�ç�:�+�;�á�L�Ü�6�ç�:�+�;�A
E�* �@�U�ç�6�Ü�:�6�;�á�L�ç�6�Ü�:�6�;�A�C (8) 

MLM (Masked Language Modeling) is a pre-training task of BERT. It predicts the 
masked words by using images and context texts. With a 15% probability, the tokens 
of the input text are processed. Among them, 10% are randomly replaced with other 
tokens, 80% are replaced with [MASK] tokens, and the remaining 10% remain un-
changed. Finally, the processed sequence �6
à is obtained. Then, the cross-entropy loss 
function is used for learning, as shown in the following formula: 

 �.�à�ß�à 
L �' �:�Â�á�Í
à�;�ý�½�* �@�U�à�æ�Þ�á�L�à�æ�Þ
k�+�á�6
à
o�A (9) 

ITM (Image-Text Matching) is a loss function for image-text matching, used to pre-
dict whether an image and text are matched. The first CLS token of the final output 
sequence is input into a fully connected layer to determine whether the input image and 
text are matched. Cross-entropy loss function is adopted for training, and the formula 
is as follows: 

 �.�Ü�ç�à
L �' �:�Â�á�Í �;�ý�½�* �@�U�Ü�ç�à�á�L�Ü�ç�à�:�+�á�6�;�A (10) 

The final pre-training objective function is as follows: 

 �. 
L �.�Ü�ç�Ö
E�.�à�ß�à 
E�.�Ü�ç�à (11) 
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4 Experiment and Analysis 

4.1 Experimental data 

To verify the effectiveness of the movie recommendation method based on knowledge 
graph and graph attention network proposed in this paper, multiple datasets were se-
lected for experimental evaluation, including the ml-20m sub-dataset of the Mov-
ieLens1M dataset, the TMDB dataset and the NetflixPrize dataset. Among them, the 
ml-20m dataset is often used in movie recommendation services, containing 25,000,095 
ratings and 1,093,360 tags from 162,541 users from 1995 to 2019, with a total of 62,423 
movies. Each user has rated at least 20 movies. In this paper, 26,376 movies and 31,043 
user ratings were selected as the interaction data between users and movies. The TMDB 
+ NetflixPrize dataset includes 4,374 movie titles, 20 movie genres, 1,616 director 
names, 3,728 movie keywords, 9,253 users and 29,671 user ratings. The initialization 
of each parameter adopts the Xavier initialization method, and the Adam optimizer is 
used to optimize the parameters in the model, with a learning rate of 0.0001. In the 
Adam optimize�U�����W�K�H���Y�D�O�X�H�V���R�I���������D�Q�G���������D�U�H���V�H�W���W�R���W�K�H���U�H�F�R�P�P�H�Q�G�H�G���S�D�U�D�P�H�W�H�U�V����������
and 0.999 in the original Adam paper. The size of the Embedding vector is set to 64. 
The number of epochs is set to 20. The TMDB + Netflix Prize dataset is shown in the 
table 1. 

Table 1. TMDB + Netflix Prize Dataset 

Dataset Number 
of mov-
ies 

Number 
of gen-
res 

Number 
of direc-
tors 

Number 
of key-
words 

Number 
of users 

Number 
of rat-
ings 

TMDB+Netflix 
Prize 

4374 20  1616  3728 9253 29671 

4.2 Experimental setup 

In terms of hardware, model training and inference default to using a GPU, and the 
�&�8�'�$���G�H�Y�L�F�H���L�V���V�S�H�F�L�I�L�H�G���W�K�U�R�X�J�K���µ�D�U�J�V���G�H�Y�L�F�H�¶�����L�I���D���*�3�8���L�V���X�Q�D�Y�D�L�O�D�E�O�H�����W�K�H���F�R�G�H���D�X��
tomatically switches to running on a CPU. Regarding the software environment, the 
code is implemented based on PyTorch, leveraging its efficient tensor computations 
and automatic differentiation capabilities. It also relies on numpy and scipy for scien-
tific computing and uses sklearn to calculate evaluation metrics. 

4.3 Evaluation indicators 

This paper adopts two evaluation metrics: �0�&�%�)�7�-  and �4�A�?�=�H�H�7�- . Where k repre-
sents the assessment of the top k predicted results and can be set to different values 
such as 20, 40, 60, 80, and 100. In this paper, k is set to 20. The specific calculation 
methods and meanings of the evaluation metrics are as follows: 
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NDCG (Normalized Discounted Cumulative Gain) represents a ranking metric of List-
Wise, and its calculation formula is as follows: 

 �0�&�%�)�7�- 
L
�½�¼�À�7�Ä

�Â�½�¼�À�7�Ä
 (12) 

Since only the top k results in the recommendation list are needed, the symbol @k 
is used to represent the metric of the top k results. The calculation formula of �&�%�)�7�-  
is as follows: 

 �&�%�)�7�- 
L �Ã �6�Ý�Ð�×�Ô�?�5

�ß�â�Ú�. �:�Ü�>�5�;
�Ä
�Ü�@�5  (13) 

�+�&�%�)�7�-  is the ideal discounted cumulative gain, which is the �&�%�) under the opti-
mal ranking. Since �%�)�7�-  does not take into account the order relationship of each 
item and items ranked higher have a greater impact on users, it is necessary to introduce 
�&�5�)�7�- , dividing the score at each position by the discount value, thereby causing 
items ranked lower to have a greater discount during the calculation process. To make 
the scores of items ranked higher have a greater influence on the overall score, it is 
necessary to consider the weight of each item position. 
The results of �&�%�)�7�-  are normalized to compare the effects of different recommen-
dation methods. The �+�&�%�)�7�-  is introduced as the maximum �&�%�) value under the 
ideal situation, and its calculation formula is as follows. 

 �����%�)�7�- 
L �Ã �6�Ý�Ð�×�Ô�?�5

�ß�â�Ú�. �:�Ü�>�5�;
�Ä
�Ü�@�5  (14) 

���‡�…�ƒ�Ž�Ž�7�-  is used to evaluate the recall rate of a model, indicating the proportion of 
predicted positive examples in the test samples among the actual positive examples. 
�µ�#�N�¶���L�Q�G�L�F�D�W�H�V���W�K�D�W���R�Q�O�\���W�K�H���I�L�U�V�W���N���U�H�V�X�O�W�V���D�U�H���F�R�Q�V�L�G�H�U�H�G���L�Q���W�K�H���P�H�W�U�L�F�����7�K�H���F�R�Q�I�X�V�L�R�Q��
matrix is composed of FN, FP, TN, and TP. Among them, TP(True Positive) represents 
the positive examples that are correctly predicted, meaning the model judges the current 
sample as a positive sample and the current sample is actually a positive sample. TN 
(True Negative) represents the negative examples that are correctly predicted, that is, 
the model judges the current sample as a negative sample and the current sample is 
actually a negative sample. FP(False Positive) represents the positive examples that are 
wrongly predicted, meaning the model judges the current sample as a positive sample 
but the current sample is actually a negative sample. FN(False Negative) represents the 
negative examples that are wrongly predicted, that is, the model judges the current sam-
ple as a negative sample but the current sample is actually a positive sample. The cal-
culation formula of Recall@k is as follows: 

 ���‡�…�ƒ�Ž�Ž�7�- 
L
�½�¼�À�7�Ä

�Â�½�¼�À�7�Ä
 (14) 
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5 Experimental Results and Analysis 

5.1 Overall results 

The data in the table shows that on the MovieLens1M dataset and the TMDB+Netflix 
Prize dataset, the model proposed in this paper outperforms all baseline methods in both 
Recall@20 and NDCG@20 metrics. Specifically, compared with the other five meth-
ods, the proposed method in this paper has increased the recall@20 on the Mov-
ieLens1M dataset by 29.62%, 21.13%, 14.25%, 19.54%, and 3.21% respectively, and 
on the TMDB+Netflix Prize dataset by 16.69%, 8.70%, 6.23%, 5.83%, and 4.90% re-
spectively; the proposed method has increased the ndcg@20 on the MovieLens1M da-
taset by 26.34%, 11.84%, 11.35%, 21.24%, and 6.62% respectively, and on the 
TMDB+Netflix Prize dataset by 29.93%, 24.22%, 4.65%, 5.65%, and 3.34% respec-
tively. 

Table 2. Comprehensive data comparison results 

Model MovieLens1M TMDB+Netflix  Prize  
Recall@20            NDCG@20 Recall@20            NDCG@20 

NFM 0.1614    0.1211 0.2163 0.1784 
CKE 0.1727  0.1368  0.2322  0.1866 
MKR 0.1831    0.1374 0.2376 0.2215 
KGAT 0.1750    0.1262 0.2385 0.2194 
MMGCN 0.2027   0.1435 0.2406  0.2243 
Our model 0.2092  0.1530  0.2524  0.2318 
Improve 3.21%    6.62% 4.90% 3.34% 

 
Model performance evaluation is conducted by calculating metrics such as Recall 

and NDCG on the validation set and test set to comprehensively measure the perfor-
mance of the recommendation system. Experimental results demonstrate that LMADG 
has significant advantages in capturing the dynamic changes of user interests and gen-
erating high-quality recommendation lists, and its performance is superior to that of 
static GNN and traditional methods. The model in this paper outperforms the MKR 
model and other models because the MKR model does not consider the attention mech-
anism and is easily disturbed by noise, resulting in performance inferior to that of the 
model in this paper. These evaluation results provide important references for the fur-
ther optimization and application of the model. 

5.2 Melting experiment 

To verify the performance of the model proposed in this paper under different circum-
stances, this subsection conducts ablation experiments by respectively adopting differ-
ent modalities, different model depths, and different embedding methods of combina-
tion ways to examine their impacts on the model's effectiveness. 
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To study the impact of different model depths on recommendation performance, this 
paper compares models with different depths of attention embedding propagation lay-
ers on the MovieLens1M and TMDB + NetflixPrize datasets, as shown in the Table 3. 

The two evaluation metrics, Recall@20 and NDCG@20, increase as the model depth 
increases, indicating that integrating multi-hop information into the recommendation 
system model can enhance the recommendation effect. However, when the model depth 
exceeds 2 layers, the evaluation metrics Recall@20 and NDCG@20 start to show a 
downward trend. This might be due to overfitting when the number of layers increases 
to a certain extent, caused by the relatively sparse multi-hop information in the model; 
or it could be due to the over-smoothing problem resulting from the deepening of layers 
in the graph neural network. 

Table 3. Experimental results at different depths 

Model MovieLens1M TMDB+Netflix Prize 
Recall@20             NDCG@20 Recall@20             NDCG@20 

One layer 0.2058    0.1498 0.2431 0.2263 
Two layer 0.2092    0.1530 0.2524 0.2318 
Three layer 0.2067   0.1504 0.2509  0.2284 

 
To study the impact of different combination methods on the effect of movie recom-

mendation, this paper adopts three different combination methods, namely additive 
combination method (ADD), concatenation combination method (CONCAT), and bi-
directional interaction combination method (BI), to learn their embedding vectors under 
the MovieLens1M and TMDB+NetflixPrize datasets, as shown in Table 4. The concat-
enation combination method is superior to both the additive combination method and 
the bidirectional interaction combination method. The additive combination method is 
better than the bidirectional interaction combination method. This might be because the 
bidirectional interaction combination method focuses on the interaction between enti-
ties but neglects the features or important information of the entities themselves, result-
ing in the inability to integrate entity information well and weak information transmis-
sion between entities. In contrast, the additive combination method integrates entity 
information more directly, thus performing better in handling entity information. The 
concatenation combination method is superior to both the additive combination method 
and the bidirectional interaction combination method. This might be because the infor-
mation of general entities and the multimodal information of neighbor node entities are 
not in the same semantic space. The concatenation combination method can expand the 
features of different dimensions in the semantic space and is more suitable for fusing 
information in different semantic spaces. 

Table 4. Experimental results with different combination methods 

Combination 
method 

MovieLens1M TMDB+Netflix Prize 
Recall@20            NDCG@20 Recall@20            NDCG@20 

ADD 0.2078    0.1506 0.2511 0.2293 
BI 0.2092    0.1494 0.2486 0.2274 
CONCAT 0.2092   0.1530 0.2524  0.2318 
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6 Experimental Results and Analysis 

6.1 Research Summary 

This paper addresses the issue that traditional context-based movie recommendation 
models only utilize text data, from which limited information can be obtained due to 
the single modality, and thus cannot fully address the problem of data sparsity. To this 
end, a multimodal movie recommendation model (Layered Multi-head Attention Dy-
namic Graph, LMADG) is proposed, aiming to capture the dynamic changes in user 
interests and the graph structure information of user-movie interactions. By integrating 
Graph Convolutional Network (GCN) and temporal attention mechanism, LMADG can 
effectively extract the temporal features of users and movies and generate personalized 
recommendation results. Finally, comparative experiments are conducted on the Mov-
ielens-1M, TMDB, and Netflix Prize datasets, and the experimental results verify that 
the proposed model has better recommendation quality. 

6.2 Future research directions 

Although the effectiveness of the method proposed in this paper has been demonstrated 
on multiple datasets, in the actual application scenario of movie recommendation, user 
data and movie information are more complex, and more user-item interaction infor-
mation needs to be taken into account. Therefore, in the future, more detailed user and 
movie information can be considered to be introduced into the movie recommendation 
method to improve the effect of movie recommendation. 
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Abstract. Text-guided image style transfer enables stylization based on natural 
language prompts and has garnered increasing attention. CLIPstyler pioneered 
�W�K�L�V���S�D�U�D�G�L�J�P���E�\���O�H�Y�H�U�D�J�L�Q�J���&�/�,�3�¶�V���L�P�D�J�H-text alignment but suffers from con-
tent distortion and uneven style application due to random patch sampling and 
weak structural constraints. To address these issues, we propose APRstyler, a 
CLIP-based framework integrating two key modules: an adaptive patch 
weighting strategy and a reverse generative network. The former evaluates the 
semantic relevance of each patch to the content image, suppressing noisy regions 
and enhancing local style fidelity. The latter reconstructs the content image from 
the stylized output, enforcing structural preservation through bidirectional super-
vision. Extensive experiments demonstrate that APRstyler yields stylizations 
with improved semantic consistency and content retention. For reproducibility, 
all experiments are conducted with fixed random seeds and averaged over multi-
ple runs. Code will be released upon acceptance. 

Keywords: Image processing, Text-guided Style Transfer, CLIP 

1 Introduction  

In recent years, text-guided artistic style transformation has emerged as a new type of 
style transformation technology. By using natural language to describe styles, it elimi-
nates the need for reference style images. 

CLIP (Contrastive Language-Image Pre-training) [1], as a cutting edge cross-modal 
pre-training model, has its core in the construction of a unified embedding space to 
jointly process image and text data. In recent years, the CLIP model has created a sen-
sation in fields such as image generation [2] and image editing [3]. Against this back-
drop, CLIPstyler [4], the first model to achieve text-guided image stylization, came into 
being. Its achievements have drawn widespread attention in the field of image styliza-
tion and demonstrated remarkable stylization capabilities. 

CLIPstyler [4] transforms the original image content by integrating a lightweight 
convolutional neural network (CNN). At the same time, the method leverages the strong 
representation abilities of the CLIP [1] model to assess the similarity between the gen-
erated stylized image and the textual description within the feature space, enabling the 
production of images that reflect the intended textual style. This approach has opened 
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up a new era of text-driven style transformation. However, it also faces some chal-
lenges: CLIPstyler [4] adopts a patch-wise method to calculate the loss to improve the 
consistency of the style. However, data augmentation through random cropping may 
introduce low-quality image patches. These low-quality patches lack key semantics and 
cannot accurately reflect the target style. Frequent learning of such patches can mislead 
the model, resulting in uneven style transfer, loss of details, and poor results. Further-
more, when performing style transfer, CLIPstyler [4] often overfits the target text style 
and damages the content structure of the original image. 

To overcome these challenges, we introduce APRstyler, a novel style transfer ap-
proach guided by text and built upon the CLIP [1] framework. To avoid model training 
being misled by poor quality patches, we propose an end-to-end adaptive patch adjust-
ment scheme. Specifically, we calculate the feature distance between the randomly 
cropped patch and the original image and transform this distance into a weight to con-
strain the importance of the current image patch. The larger the feature distance of the 
current image block, the smaller the language information of the original image con-
tained in the image block, so the weight of the current patch is smaller. This scheme 
can adaptively adjust the weights of different patches without the need for manual pre-
setting. It makes the patches that are beneficial to style transfer have larger weights and 
those that are not conducive to style transfer have smaller weights.  

In addition, to maximize the preservation of the content structure during the style 
transfer process and achieve the best balance between the details of the content and the 
degree of stylization, inspired by CycleGAN [5], we propose a reverse generative net-
work. Through this, the image can be restored to the original image as much as possible 
after style transfer. This indicates that the image after style transfer retains the structural 
information of the original image to the greatest extent possible, enabling the model to 
self-regulate how to achieve a better balance between style transfer and maintaining 
structural integrity. 

Experimental results indicate that our model generates artistic images which effec-
tively retain fine-grained content details while achieving a higher degree of stylistic 
consistency with the intended style. Moreover, the resulting stylized outputs align more 
closely with human aesthetic preferences. 

The contributions of this paper are as follows. 

�F We propose an end-to-end adaptive patch adjustment scheme, which enhances the 
model's ability to align with the target style and the stability of stylization. 

�F We propose a reverse generative network. Through the reverse loss, style transfor-
mation is achieved while better preserving the details of the content images. 

�F Extensive quantitative and qualitative experiments demonstrate that the model out-
performs current advanced methods. It can stylize images in the deep feature space 
while better retaining the detailed information of the content images. 
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2 Related works 

2.1 Traditional style transfer  

Style transfer focuses on merging the visual content of a source image with the charac-
teristics of a target style. Gatys et al. [6] pioneered the use of convolutional neural net-
works (CNNs) for style transfer by minimizing content and style losses through Gram 
matrix representations; however, this approach demands substantial computational re-
sources. 
 To enhance efficiency, Johnson et al. [7] introduced a feedforward neural network 
for rapid style transfer, achieving real-time performance at the expense of sometimes 
compromising structural fidelity. 
 CycleGAN [5] introduces cycle consistency loss to enable unsupervised image trans-
lation, helping retain content during stylization. However, it often suffers from unstable 
training and overfitting to high-frequency details, leading to excessive stylization and 
content loss. 
 To support arbitrary style transformations, Huang and Belongie presented Adaptive 
Instance Normalization (AdaIN) [8], aligning the mean and variance of content and 
style features. While efficient and flexible, it lacks spatial awareness and often misses 
local textures. 

2.2 Using text to guide style transfer 

Unlike traditional methods [9-11], text-guided style transfer enables more flexible con-
trol using natural language. The introduction of CLIP [1] by OpenAI enabled multi-
modal contrastive learning, allowing style transfer guided solely by textual descrip-
tions. 

CLIPstyler [4] proposed by Kwon et al. in 2022 is a pioneering work in style transfer 
based on CLIP [1]. It utilizes the image-text matching feature provided by CLIP [1] to 
guide style transfer based on text prompts. This approach applies multimodal contras-
tive learning of vision and language to image stylization, making style transfer more 
flexible and no longer limited to fixed style images. CLIPstyler [4] performs outstand-
ingly in generating diverse styles. However, due to excessive reliance on the contrast 
of global features, these methods are prone to damaging the original content during the 
transfer process. In particular, they lack fine control over the details of local structures, 
and the quality of the generated images needs improvement. Moreover, CLIPstyler [4] 
aligns the source and target text-image pairs in the CLIP space based on the CLIP loss 
of patches. A large portion of the image patches obtained by random cropping are of 
poor quality and not conducive to model training, which seriously affects the output 
quality of the model. Our adaptive patch selection and reversible generative network 
address these issues, enhancing image quality. 

In recent years, Diffusion Models [12] have also made remarkable progress in the 
field of style transfer. Their applications in style transfer and image generation fields 
demonstrate their powerful generative capabilities and flexibility. For example, models 
such as stable diffusion [13] and DEADiff [14] have achieved efficient and controllable 
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image style transfer through technical means such as decoupled representation and se-
mantic guidance. These models not only improve the flexibility and controllability of 
style transfer but also further promote the development of computer vision technology. 

3 Method 

3.1 Overall Architecture  

This section presents the overall framework of the proposed APRstyler, which is com-
posed of two synergistic components: an adaptive patch weighting strategy and a re-
verse generative network.  

As shown in Fig. 1, inspired by CLIPstyler [4], we adopt its CNN encoder-decoder 
model �
 . The model is capable of extracting multi-level visual representations from the 
content image and performing stylization within the deep feature domain to achieve a 
more lifelike texture appearance. The process begins with computing semantic patch 
importance using CLIP-based similarity, followed by stylization using a generator net-
work. To regularize the stylization and reduce structural distortion, a reverse generative 
network �( reconstructs the original image from the stylized output. Both modules are 
trained jointly in an end-to-end fashion, with a comprehensive loss function combining 
style, content, reconstruction, and smoothness constraints. 

 

Fig. 1. Overall architecture of APRstyler. The left side represents the forward style transfer pro-
cess, while the right side depicts the reverse generation process. 

3.2 End-to-end Adaptive Patch Weighting Strategy(EAPS) 

The end-to-end adaptive patch adjustment scheme is a key innovation of APRstyler. 
CLIPstyler [4] randomly divides the style image into many blocks and sends them to 
CLIP [1] for calculating the loss function to ensure that the generated image can reflect 
the style described in the target text in the local area. Random cropping of images is a 
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commonly used data augmentation technique [15], aiming to improve the model's ro-
bustness to different viewpoints and partial occlusions. 

However, this augmentation method may result in the cropped patches missing im-
portant target objects and sampling low-quality patches. These patches may not effec-
tively display the semantic information of the original image and are not suitable for 
the target text style (such as solid-color areas, blurred parts, or irrelevant areas at the 
edges of the image). During the training process, if the model frequently learns from 
these low-quality patches, it may mislead the optimization direction of the model. As a 
result, the model fails to correctly capture the required style features during training, 
leading to problems such as uneven style transfer, inability to align with the target style, 
and poor style transfer effects. 

To address this issue, we introduce an End-to-end Adaptive Patch Selection (EAPS) 
mechanism that dynamically adjusts the contribution of each patch based on its seman-
tic similarity to the original content image in CLIP [1] feature space. 

Specifically, let �+�Ö be the content image, and �+�æ  be the stylized image at a given it-
eration. We randomly crop a set of �0 patches �<�2�Ü�= from �+�æ. For each patch �2�Ü, we com-
pute its CLIP [1] feature �B�Ü and calculate its cosine distance to the CLIP [1] feature of 
the original image �B�Ö. The similarity weight �S�Ü for patch �2�Ü is defined as: 

 �S�Ü
L
�5

�5�>�a�m�q���:�Ù�Ô�á�Ù�Î�;
�� (1) 

We normalize the weights using softmax:  

 �S�Ü
L
�c�v�n���:�ê�Ô�;

�� �Õ�c�v�n���:�ê�Õ�;
 (2) 

These weights are used to modulate the patch-wise CLIP loss: 

 �.�¾�º�É�Ì
L �Ñ�Ü�@�5
�Ç �S
%�Ü
I�.�¼�Å�Â�É�:�2�Ü�á�P�;�� (3) 

Here, �.�¼�Å�Â�É represents the loss obtained by comparing patches and text styles in CLIP 
[1]. 

This weight mechanism ensures that patches conducive to style transfer have a 
greater influence, while the impact of unfavorable patches is minimized. By reducing 
the influence of low-quality patches on the overall loss, this adaptive weight mechanism 
enables the model to focus on more informative patches during the learning process, 
thereby reducing the interference of irrelevant or incorrect samples on contrastive learn-
ing. Theoretically, this weighted loss scheme can reduce the gradient contribution of 
poor samples during the optimization process, stabilize the model training process, 
avoid overfitting to meaningless regions, and better align with the target style. 

During the experiment, we found that in the first round of training, the generated 
images lack effective CLIP [1] guidance, resulting in poor style transfer and large fea-
ture distances. This can reduce patch weights to near zero, limiting gradient updates 
and causing training bottlenecks. 

To address this, we adopt a progressive weight adjustment: 
(1) Fixed weights initially: For the first 20 rounds, all patches are assigned a high 

fixed weight, allowing the model to learn global style features. 
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(2) Gradual weight introduction:  As generated images approach the target style, 
feature-based weights are progressively applied, ensuring stable training while refining 
patch importance. 

3.3 Reverse Generative Network (RGN) 

CLIPstyler [4] enables text-guided style transfer without requiring reference style im-
ages, but traditional methods often overlook structural preservation, leading to content 
loss or over-stylization. 

To mitigate this, Inspired by CycleGAN[5], we introduce a Reverse Generative Net-
work (RGN) to reinforce structural retention. By incorporating reverse loss into train-
ing, we mitigate content degradation and excessive stylization. Unlike CycleGAN [5], 
which addresses unpaired training, APRstyler focuses on balancing style adaptation and 
content preservation, preventing overfitting to target text styles while maintaining 
structural integrity. 

Let �)  denote the stylization generator and �( denote the reverse generator. The for-
ward path generates the stylized image �+�æ
L �) �:�+�Ö�á�P�;, while the reverse path attempts 
to reconstruct �+���Ö
L �(�:�+�æ�;. 

To ensure accurate reconstruction, we apply a content consistency loss using both 
pixel-wise L1 loss and perceptual VGG loss: 

 �.�å�Ø�é�?�ã�Ü�ë�Ø�ß
L �.�+�Ö
F �+���Ö�.�5 (4) 

    �.�å�Ø�é�?�é�Ú�Ú
L �.�8�:�+�Ö�; 
F �8
k�+���Ö
o�.�6 (5) 

where �8�:
I�; denotes features extracted from a pretrained VGG network. 
 This reverse pathway provides a strong regularization signal, promoting better con-
tent preservation in the forward stylization process. It also enables bidirectional con-
sistency, which is critical for applications requiring high structural fidelity. 

3.4 Loss Funcitions 

To optimize the stylization while maintaining content and structural integrity, we em-
ploy the following losses: 

Adaptive Patch Style Loss (EAPS). This is the core patch-based CLIP style loss in-
troduced in Section 3.2. Each patch's contribution is adaptively weighted based on its 
semantic similarity to the original content image. 

CLIP Direction Loss (�x�Š�•�)̃. StyleGAN-NADA [18] introduced a directional CLIP 
loss, which aligns the CLIP-space direction between the source and the output text-
image pairs. This method has been proven effective, so we also adopt the directional 
CLIP loss to achieve better results. 
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 �Â�6
L �� �X
k�–�q�r�ì 
o- �� �X�:�–�q�p�a�; (6) 

�������Â�+
L �� �M�:�B�:�+�a�;�;- �� �M�:�+�a�; (7) 

 ���������.�×�Ü�å
L �s
F
�ñ�Í
I�ñ�Â

�� �ñ�Í�� 
H�� �ñ�Â��
 (8) 

In the equation, �' �Í  and �' �Â are the text and image encoders of CLIP; �P�æ�ç�ì and �P�æ�å�Ö  rep-
resent the semantic texts for the style target and input content. When using a specific 
image as the content image, �P�æ�å�Ö is simply set to "Photo." 

Content Loss (Forward). To preserve high-level structure during stylization, we add 
a VGG-based perceptual loss between the �+�æ and  �+�Ö . 

 ���������.�Ö�â�á�ç�Ø�á�ç
L �!�8�:�+�æ�; 
F �8�:�+�Ö�;�!�6 (9) 

This ensures that the forward stylization path does not overly. distort the original con-
tent 

Reconstruction Losses (Reverse). Only the content loss during the forward style trans-
fer process is insufficient to improve the problem of content distortion. As described in 
Section 3.3, the reverse generator reconstructs the original image. We include: 

�.�å�Ø�é�?�ã�Ü�ë�Ø�ß: L1 loss between �+���Ö and �+�Ö 
�.�å�Ø�é�?�é�Ú�Ú: VGG perceptual loss between �+���Ö and �+�Ö 

Total Variation Loss. To enhance spatial smoothness and reduce artifacts, we apply 
total variation (TV) loss on the stylized image. 

 ���������.�ç�é 
L 
Í �@
k�+�æ
�Ü�>�5�á�Ý
F �+�æ

�Ü�á�Ý
o�A
�6


E�@
k�+�æ
�Ü�á�Ý�>�5 
F �+�æ

�Ü�á�Ý
o�A
�6�¶

�á�@�5
 (10) 

Final Loss. The overall objective combines all components. 

�.�ç�â�ç�Ô�ß
L �ã�æ�.�¾�º�É�Ì
E�ã�×�.�×�Ü�å�Ø�Ö�ç�Ü�â�á
E�ã�Ö�.�Ö�â�á�ç�Ø�á�ç
E�ã�å
k�.�å�Ø�é�?�ã�Ü�ë�Ø�ß
E
�������������������������������������������������������������������������.�å�Ø�é�?�é�Ú�Ú
o
E�ã�ç�é�.�Í �Ï      (11) 

4 Experiments 

4.1 Implementation details 

Our model is trained on a single content image and supports arbitrary resolutions, but 
we use 512×512 images for consistency and resource efficiency. 

For the forward network, the loss functions include content loss �.�Ö�â�á�ç�Ø�á�ç, directional 
CLIP loss �.�×�Ü�å, Adaptive Patch Style Loss �.�¾�º�É�Ì and total variation loss �.�ç�é. The cor-
responding weights are set to �s
H�s�r�6, �w
H�s�r�6, �{ 
H���s�r�7, and �t 
H�s�r�?�7, respectively, 
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balancing content retention, stylization, and smoothness. For the reverse generative net-
work, we apply �.�å�Ø�é�?�ã�Ü�ë�Ø�ß and �.�å�Ø�é�?�é�Ú�Ú, with weight �s
H�s�r�6. Both content losses are 
computed using VGG [16] conv4_2 and conv5_2 layers. 

For image cropping, we use 128×128 patches, extracting 64 patches per image, as 
this configuration yielded optimal visual quality. 

The StepLR scheduler is employed to reduce the learning rate by half every 100 
steps, aiding the model's stability in the later training phases. We utilize the Adam op-
timizer with a specified learning rate. The training process spans 200 iterations, with 
the learning rate halved at iteration 100. On a single RTX 3080 Ti GPU, each text input 
takes about 50 seconds to process.  

Our dataset is sourced from Night2Day, Summer2Winter, MS-COCO, WikiArt, and 
various online resources. 

4.2 Qualitative assessment 

Fig. 2 shows some representative style transfer results of our method. In the result im-
ages we present, the images generated by our method not only match the target text 
style in terms of global color, but also undergo meticulous transformations in local tex-
tures. Whether it is complex textures or abstract artistic effects, high-quality style trans-
fer can be achieved while maintaining the structural information of the original image. 
This qualitative evaluation demonstrates the excellent performance of our model in 
handling delicate style transformations. For example, under the style text of "Oil paint-
ing", our method successfully simulates the rough brushstrokes and thick paint texture 
of an oil painting. Even under complex style descriptions (such as "Post Impressionist 
painting"), the model can still accurately capture the changes in color and light and 
shadow while preserving the detailed structure of the original image. 
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