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With the rapid penetration of cross-modal fusion technologies in education, image-assisted 

learning has emerged as a vital approach to enhancing English learning efficiency. However, 

existing methods of image captioning and visual semantic embedding exhibit significant 

limitations in educational scenarios, struggling to simultaneously satisfy requirements for 

image processing precision, fine-grained semantic alignment, and personalized learning 

needs. To address these challenges, this paper investigates the system modeling and deep 

optimization strategies for an English learning assistance system that integrates image 

captioning with visual semantic embedding. First, a multi-granularity cross-layer fusion 

visual encoder is designed, leveraging the complementary strengths of ConvNeXt and Swin 

Transformer. An adaptive fusion mechanism based on learnable gating units is introduced 

to effectively integrate local texture features with global semantic representations, thereby 

improving the accuracy of visual feature extraction. Second, a hierarchical visual semantic 

embedding method is proposed, constructing dual-granularity embedding spaces at both 

word and phrase levels. By introducing the structural Wasserstein distance, the method 

enhances multi-modal similarity measurement and achieves fine-grained alignment between 

visual features and English semantics. On this basis, a visual-semantic gated attention 

generator is developed, employing dynamic gating mechanisms to adaptively regulate the 

balance between visual and semantic attention, which significantly improves the accuracy 

and robustness of caption generation. Simultaneously, an error-driven adversarial 

optimization strategy is introduced; an error-pattern discriminator is constructed using prior 

distributions of learners’ linguistic errors, ensuring that generated descriptions are not only 

visually faithful but also pedagogically appropriate. Furthermore, a cross-modal adaptive 

curriculum learning method is proposed, defining a joint difficulty metric based on visual 

entropy and linguistic complexity to dynamically adjust training strategies. A visual-

semantic alignment heatmap is designed to facilitate deep integration of learning feedback 

with image processing techniques. This study not only overcomes the adaptation bottlenecks 

of existing multimodal fusion technologies in educational contexts, but also extends the 

application boundaries of image processing in education, offering a novel research paradigm 

and technical support for the interdisciplinary field of computer vision and language 

learning. 
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1. INTRODUCTION

The rapid development of cross-modal fusion technology 

has provided significant support for interdisciplinary 

innovation [1]. In particular, the deep integration of image 

processing and natural language processing has demonstrated 

broad application prospects in the field of intelligent education 

[2, 3]. As one of the most widely adopted second language 

learning scenarios globally [4], English learning benefits from 

image-assisted instruction, which leverages intuitive and 

concrete advantages to effectively reduce learners' vocabulary 

memorization difficulty and enhance sentence application 

ability. This approach serves as a critical pathway to resolving 

the pain points of "abstractness and contextual disconnect" in 

traditional English learning [5]. As a core medium connecting 

visual information and linguistic expression [6], image 

captioning technology determines the effectiveness of image-

assisted English learning; furthermore, core modules within 

image processing technology, such as feature extraction and 

visual semantic alignment, form the foundation for ensuring 

the accuracy and granularity of image captioning [7]. 

Currently, existing image captioning and visual semantic 

embedding technologies are primarily designed for general-

purpose scenarios [8, 9]. They lack targeted adaptation to the 

personalized needs of English learning, struggle to 

simultaneously capture precise local image details and express 

complete global semantics, and fail to meet learners' core 

demands for fine-grained object description and 
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contextualized sentence expression. Moreover, the insufficient 

integration of image processing technology with English 

learning feedback [10, 11] limits the application effectiveness 

of relevant systems in practical educational scenarios. This 

status quo presents an urgent demand for cross-disciplinary 

research combining image processing and education. 

Conducting research on the modeling and deep optimization 

of English learning assistance systems that integrate image 

captioning and visual semantic embedding can not only 

specifically address the adaptation bottlenecks of existing 

technologies in educational scenarios—providing 

personalized and precise assistance for English learners—but 

also expand the application boundaries of image processing 

technology. It promotes the deep integration of cross-modal 

fusion technology and intelligent education, offering new 

research perspectives and technical paradigms for the 

intersection of image processing and education [12], thus 

holding significant theoretical value and practical application 

significance. 

Despite significant progress in cross-modal fusion and 

image captioning technologies, and the application of related 

research findings across various fields, specialized research 

targeting English learning assistance scenarios still faces 

numerous urgent deficiencies. These shortcomings severely 

restrict the practical implementation of these technologies in 

educational settings and constitute the core gap in current 

research. At the level of visual feature extraction, existing 

methods mostly adopt single Convolutional Neural Network 

or Transformer architectures [13], either focusing on 

extracting local texture details while neglecting the correlation 

of global semantic structures, or concentrating on capturing 

global semantics while losing fine-grained local features. The 

cross-layer feature fusion process [14] lacks effective adaptive 

adjustment mechanisms, making it impossible to dynamically 

balance the weights of local and global features according to 

image content complexity, and thus struggling to meet the dual 

requirements of English learning, which necessitate both 

precise descriptions of individual object details and complete 

expressions of overall scene meanings. At the level of visual 

semantic embedding, most existing multimodal alignment 

methods employ single-granularity embedding strategies [15], 

failing to fully account for the hierarchical semantic 

requirements of words, phrases, and scenes in English learning, 

resulting in insufficient alignment precision between visual 

features and English semantics [16]; meanwhile, similarity 

measurement methods mostly rely on traditional cosine 

similarity [17], which cannot effectively capture distributional 

structural differences between visual features and textual 

semantics, further reducing the reliability of multimodal 

alignment. At the level of caption generation, attention 

mechanisms in existing models mostly adopt fixed-weight 

allocation methods [18], lacking dynamic selection 

capabilities, and cannot adaptively switch the focus between 

visual and semantic attention based on image clarity, semantic 

complexity, and learner proficiency differences. This results 

in generated descriptions that are either overly verbose—

exceeding the learner's comprehension range—or too brief—

lacking key semantic information—making it difficult to adapt 

to the personalized needs of English learners at different 

proficiency levels. At the level of optimization strategies, 

existing model optimizations mostly focus on improving the 

general performance of caption generation [19], lacking 

targeted optimization based on common error patterns of 

English learners and lacking adaptive learning mechanisms for 

images of varying difficulties, leading to insufficient model 

generalization. More critically, existing research generally 

lacks the deep integration of image processing technology and 

learning feedback [20]; it cannot transform image feature 

analysis and semantic alignment results into effective learning 

feedback information, failing to meet the core requirements of 

image processing journals regarding technical practicality and 

implementability, nor can it truly leverage the assistive role of 

technology in English learning. 

Addressing the aforementioned research gaps, this paper 

conducts research on the modeling and optimization of 

English learning assistance systems, with core contributions 

including five aspects: designing a multi-granularity cross-

layer fusion visual encoder that combines the advantages of 

ConvNeXt and Swin Transformer, utilizing learnable fusion 

gating to dynamically balance local and global features, 

thereby enhancing image feature representation precision; 

proposing a hierarchical visual semantic embedding method 

that constructs dual-granularity embedding spaces at the word 

and phrase levels, introducing structural Wasserstein distance 

to optimize similarity measurement and achieving fine-

grained alignment between visual and English semantics; 

designing a visual-semantic gated attention generator that 

regulates the ratio of visual to semantic attention through 

dynamic gating, improving the accuracy and robustness of 

caption generation; introducing an error-driven adversarial 

optimization strategy that constructs a discriminator based on 

priors of English learning error distributions and incorporates 

consistency constraints, ensuring that descriptions adhere to 

image content while adapting to learning needs; and proposing 

a cross-modal adaptive curriculum learning method that 

defines difficulty metrics based on visual entropy and 

linguistic complexity, dynamically adjusting training weights, 

and designing visual-semantic alignment heatmaps to achieve 

deep integration of image processing and learning feedback. 

The subsequent structure of this paper is as follows: Chapter 

2 provides an overview of related work, focusing on the status 

quo and gaps in core research directions, and clarifies the 

distinctions between this paper and existing studies. Chapter 3 

elaborates on the system framework, technical details of each 

core module, and core formulas. Chapter 4 validates the 

effectiveness of the proposed method through multiple sets of 

experiments and quantitatively analyzes the contribution of 

each module. Chapter 5 analyzes the advantages of the 

proposed method based on experimental results, dissects its 

limitations, and suggests future research directions. Chapter 6 

summarizes the core work and innovations and reaffirms the 

research value and application prospects. 

2. METHOD

2.1 Overall system framework 

The English learning assistance system integrating image 

captioning and visual semantic embedding, constructed in this 

paper, centers on high-precision image processing and deep 

multimodal semantic fusion. The overall architecture is shown 

in Figure 1, clearly presenting the logical connections and 

input-output closed loop of the five core modules. The system 

takes raw images and English learning corpora as initial inputs; 

first, it completes image feature extraction through a multi-

granularity cross-layer fusion visual encoder, outputting high-

quality visual features that combine local texture details and 
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global semantic structures, providing core support for 

subsequent multimodal alignment. The extracted visual 

features are fed into the hierarchical visual semantic 

embedding module to complete fine-grained alignment with 

English word-level and phrase-level semantics, generating 

unified-dimensional visual-semantic embedding features. 

Subsequently, a visual-semantic gated attention generator 

generates precise image captions adapted to English learning 

scenarios based on these embedding features. To further 

enhance the accuracy of captions and learning adaptability, an 

error-driven adversarial optimization module is introduced to 

iteratively optimize the generator, combining priors of English 

learning error distribution to ensure the rationality and 

practicality of the descriptions. Finally, a cross-modal adaptive 

curriculum learning module dynamically adjusts training 

sample weights, and simultaneously generates visual-semantic 

alignment heatmaps, transforming image processing results 

into intuitive learning feedback to achieve deep integration of 

image processing technology and English learning assistance. 

The collaborative effort of all modules forms an end-to-end 

intelligent assistance system, ensuring the precision of visual 

feature extraction, the fineness of semantic alignment, and the 

adaptability of caption generation. 

 

 

 
 

Figure 1. Overall architecture of the English learning assistance system integrating image captioning and visual semantic 

embedding 

 

2.2 Multi-granularity visual feature extraction and cross-

layer fusion 

 

The multi-scale representation capability of visual features 

is the foundation for achieving fine-grained cross-modal 

understanding. To balance spatial detail preservation and high-

level semantic modeling, this section adopts a dual-branch 

collaborative encoding structure to complete image feature 

parsing, and the network structure diagram is shown in Figure 

2. Defining the standardized input image as IR3×H0×W0 , 

relying on a lightweight convolutional encoding network to 

complete hierarchical feature iterative extraction, and passing 

through multi-level downsampling and feature transformation, 

four groups of feature maps with different scales F1,F2,F3,F4 

are sequentially output. Shallow network features retain rich 

edge textures and spatial details, while deep features complete 

high-level semantic abstraction and target semantic 

condensation. The hierarchical output of multi-stage features 

covers visual expression requirements of different 

granularities, providing diverse visual representations for 

subsequent cross-modal semantic matching. Although 

convolutional encoding has efficient computational 

advantages in local spatial feature capture, its inherent local 

receptive field constraint makes it difficult to model long-

range scene associations. To compensate for global semantic 

modeling capabilities, this paper adds a global semantic 

enhancement branch, inputting the middle-level feature F3 

into the Swin Transformer structure. This level of feature 

balances computational overhead and modeling performance 

by retaining basic spatial structure while fusing primary 

semantic information. Relying on the shifted window self-

attention mechanism, the module can establish long-distance 

dependencies between image regions and mine global 

contextual information such as scene layout and target 

interaction, ultimately generating global semantic features 

Fswin , thereby constructing a dual-path feature expression 

system parallelizing local details and global semantics. To 

achieve the organic integration of the two heterogeneous 

features, this paper constructs an adaptive gated fusion module 

to dynamically complete the weighted aggregation of deep 

convolutional features and global semantic features. First, an 

upsampling operation UP( ) is performed on the deep feature 

F4 to complete feature scale unification and matching. Global 

average pooling operators are adopted to compress the spatial 

dimension and reduce redundant information interference. The 

pooling operation can be defined as: 

 

AvgPool(F)=
1

H×W
∑ ∑ F(i,j)

W

j=1

H

i=1

 (1) 
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Figure 2. Network structure diagram of multi-granularity visual feature extraction and adaptive cross-layer fusion 

The two sets of pooled feature vectors are concatenated and 

fed into a multilayer perceptron (MLP). After learning feature 

correlations through nonlinear transformation, continuous 

fusion weight γ is generated via a Sigmoid activation function. 

The overall fusion process follows the calculation form below: 

Fv=γ⋅Up(F4)+(1-γ)⋅Fswin,

γ=σ(MLP([AvgPool(F4);AvgPool(Fswin)])) 
(2) 

The weight coefficients can be autonomously updated 

iteratively based on image content complexity and target 

density, dynamically adjusting the contribution ratio of the two 

types of features to avoid the problem of singular 

representation caused by fixed fusion weights. 

The aggregated visual feature Fv , outputted by adaptive 

fusion, integrates the fine-grained perception advantages of 

convolutional structures with the global modeling capabilities 

of Transformers, realizing the unified representation of texture 

details, target features, and scene semantics. The fusion 

strategy weakens the feature distribution differences brought 

by different network architectures and strengthens the 

robustness and integrity of visual representation. This 

optimized visual feature can adapt to hierarchical semantic 

parsing tasks; it can support the precise description of local 

objects while satisfying the complete semantic expression of 

the overall scene, providing stable and reliable front-end visual 

support for subsequent visual semantic embedding alignment 

and English text generation tasks. 

2.3 Hierarchical visual semantic embedding and 

contrastive learning 

Figure 3 shows the interaction diagram of hierarchical 

visual semantic embedding and visual-semantic gated 

attention mechanism. Among them, the core of visual 

semantic embedding is to establish precise mapping between 

visual features and language semantics; however, there exist 

hierarchical semantic requirements of words, phrases, and 

scenes in English learning scenarios, and single-granularity 

embedding makes it difficult to achieve precise alignment of 

multi-dimensional semantics. To this end, this paper 

constructs a hierarchical visual semantic embedding method, 

synchronously generating dual-granularity embedding 

features at the word and phrase levels, realizing hierarchical 

matching between visual information and English semantics, 

and providing refined multimodal support for subsequent 

scenario-based description generation. Both dual-granularity 

embedding spaces adopt a unified dimension d, where the 

word-level embedding matrix EwordRNw×dcorresponds to the

semantics of basic English vocabulary, and the phrase-level 

embedding matrix EphraseRNp×d corresponds to the semantics

of common English phrases, ensuring the interoperability of 

semantic features at different levels. 

Word-level embedding is constructed based on an English 

learning core corpus, performing semantic encoding on 

vocabulary through a pre-trained language model to retain 

contextual association information and realize fine-grained 

semantic representation. Phrase-level embedding combines 

visual region features and linguistic phrase semantics; first, 

object regions are extracted from the multi-granularity visual 

feature Fv  via a Region Proposal Network to screen out 

semantically meaningful image regions, and then a Spatial 

Pyramid Pooling operation is performed on each region to 

capture regional feature information at different scales. Spatial 

Pyramid Pooling can be expressed as: 

SPP(F)= 

[MaxPool(F,k1);MaxPool(F,k2);MaxPool(F,k3)] 
(3) 

where, k1,k2,k3 are pooling windows of different scales. Fixed-

dimensional regional feature vectors are obtained through 

feature concatenation, which are subsequently fused with 

corresponding English phrase semantic encodings to generate 

phrase-level visual semantic embeddings, realizing precise 

correspondence between visual regions and phrase semantics. 

To improve the alignment precision of the dual-granularity 

embedding space, this paper designs a hybrid similarity 

measurement function, combining the advantages of cosine 

similarity and structural Wasserstein distance, balancing the 

capture of feature vector correlation and distribution 

differences. Cosine similarity is used to measure the linear 

correlation degree between visual features and semantic 

features, while structural Wasserstein distance quantifies the 

distribution difference of the two types of features in the 

embedding space, effectively compensating for the defect that 

traditional similarity measures cannot capture distributional 
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structural differences. The similarity calculation is as follows: 

 

s(v,c)=λ⋅ cos ( v,c)+(1-λ)⋅exp (-
W2(pv,pc)

τw
)   (4) 

 

where, λ[0,1] is the adaptive weight, τw  is the temperature 

coefficient, p
v
 and p

c
 represent the distribution probabilities 

of visual features and semantic features respectively, and W2() 

is the second-order Wasserstein distance. Its simplified 

calculation form is: 

 

W2(p
v
,p

c
)= inf

γ∈Π(pv,pc)
√∫ ‖ x-y‖

2
dγ(x,y)   (5) 

 

Π(p
v
,p

c
)  is the set of joint distributions of p

v
 and p

c
. A 

contrastive learning strategy is adopted to jointly optimize the 

dual-granularity embedding space, constructing visual-

semantic positive and negative sample pairs to guide the 

alignment of embedding features. Positive sample pairs 

consist of matched visual features and semantic features, while 

negative sample pairs are non-matched feature combinations. 

Matching feature pairs are clustered and non-matching feature 

pairs are separated by minimizing the contrastive loss. The 

loss function is defined as: 

 

LHVSE=-
1

B
∑

[
 
 
 
 log

exp(s(vi,ci
+)/τ)

∑ expB
j=1 (s(vi,cj)/τ)

+ log
exp(s(ci,vi

+)/τ)

∑ expB
j=1 (s(ci,vj)/τ)]

 
 
 
 

B

i=1

 (6) 

 

where, B is the batch size, τ is the temperature coefficient of 

the contrastive loss, vi
+  and ci

+  are the positive samples of vj 

and ci, respectively. During the contrastive learning process, 

word-level and phrase-level embedding spaces are optimized 

synchronously to ensure that both fine-grained vocabulary 

semantics and mid-grained phrase semantics align precisely 

with visual features, providing a high-quality multimodal 

feature basis for subsequent visual-semantic gated attention 

generation and adapting to the dual requirements of 

vocabulary application and phrase expression in English 

learning. 

 

 
 

Figure 3. Interaction diagram of hierarchical visual semantic embedding and visual-semantic gated attention mechanism 

 

2.4 Visual-semantic gated attention caption generator 

 

The core of image captioning lies in generating coherent, 

accurate text expressions adapted to English learning scenarios 

based on visual features and semantic information. This paper 

constructs a caption generation framework based on a 

Transformer decoder, focusing on achieving dynamic fusion 

of visual information and semantic information through a 

gated attention mechanism to adapt to caption generation tasks 

under different image complexities and English learning 

requirements. The decoder takes the features output by the 

hierarchical visual semantic embedding and the historical 

generation sequence as input, and through multiple rounds of 

self-attention and cross-attention interactions, gradually 

generates English descriptive texts that conform to 

grammatical norms and fit image content. The visual-semantic 

gated attention mechanism is responsible for dynamically 

balancing the weight distribution between visual attention and 

semantic attention. 

In each step of the decoder generation process, visual 

attention weights and semantic attention weights are first 

calculated based on the current hidden state ht . The visual 

attention branch uses the multi-granularity fused visual feature 

Fv as key-value pairs, generating visual query, key, and value 

matrices through linear transformation. The query matrix is 

obtained by transforming the decoder hidden state ht via the 

visual query weight WQ
v , and the key matrix is obtained by 

transforming Fv  via the visual key weight WK
v . Finally, the 

visual attention weight αt
v is calculated from via scaled dot-

product attention. The semantic attention branch uses phrase-

level semantic embedding Epharse  as key-value pairs, adopts 

the same scaled dot-product attention structure, and completes 

the transformation through semantic query weight WQ
s  and 

semantic key weight to calculate the semantic attention weight 

αt
s. The specific calculation process is as follows: 

 

αt
v=Softmax (

(htWQ
v )(FvWK

v )
⊤

√d
) , 

αt
s=Softmax (

(htWQ
s )(EpharseWK

s )
⊤

√d
) 

(7) 
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where, d is the feature embedding dimension, and the scaling 

factor √d is used to mitigate the Softmax gradient vanishing 

problem caused by excessively large attention scores. αt
v and 

αt
s reflect the degree of attention to visual regions and semantic 

concepts at the current generation step, respectively. Based on 

the attention weights, the visual context vector ct
v=αt

v(FvWV
v ) 

and the semantic context vector ct
s=αt

s(EphraseWV
s ) are further 

calculated, where WV
v  and WV

s  are the value weight matrices 

for visual and semantic attention, respectively. 

To achieve adaptive fusion of visual and semantic context 

information, a dynamic gating mechanism is designed to 

generate a fusion scalar g
t
. This scalar is obtained by applying 

a linear transformation and Sigmoid activation to the current 

decoder hidden state ht, capable of dynamically adjusting the 

fusion ratio of the two context vectors based on image clarity, 

semantic complexity, and contextual information of the 

generated sequence. The gating fusion process and scalar 

generation formula are as follows: 

 

g
t
=σ(htWg+bg), ct=gt⊙ct

v+(1-g
t
)⊙ct

s (8) 

 

where, Wg and bg are the weight matrix and bias term of the 

gating mechanism, respectively, and σ  is the Sigmoid 

activation function, ensuring g
t
[0,1]. When image details are 

rich and semantics are simple, g
t
 approaches 1, and the model 

focuses on generating fine-grained descriptions relying on 

visual context; when the image is blurry and semantics are 

complex, g
t
 approaches 0, and the model focuses on relying on 

semantic context to ensure the coherence and accuracy of 

descriptions. This dynamic regulation characteristic can 

effectively adapt to the description requirements of scenarios 

with different difficulty levels in English learning. 

After concatenating the fused context vector ct  with the 

current decoder hidden state ht, it is input into a feed-forward 

neural network to complete nonlinear transformation, and the 

probability distribution p(y
t
|y

<t
,Fv,Ephrase) of the next word is 

obtained after Softmax activation. To ensure the accuracy and 

grammatical normativity of the generated descriptions, a 

cross-entropy loss function is used to supervise the training of 

the generator. The loss function is defined as: 

 

LCE=- ∑ log p
T

t=1

(y
t
*|y

<t
,Fv,Ephrase) (9) 

 

where, T is the length of the generated sequence, y
t
* and is the 

ground truth label at step t. The cross-entropy loss can 

effectively minimize the difference between the generated 

distribution and the real distribution, guiding the model to 

learn English grammar rules and contextual expression habits. 

Combined with the dynamic regulation capability of the gated 

attention mechanism, the generated descriptions not only fit 

the image content but also conform to the cognitive laws of 

English learning, laying the foundation for subsequent error-

driven adversarial optimization. 

 

2.5 Adversarial optimization for learning errors 

 

To ensure that generated descriptions not only fit the image 

content but also adapt to the personalized needs of English 

learning scenarios, it is necessary to guide the model to avoid 

common error patterns of learners while ensuring generation 

accuracy. This paper introduces a prior distribution of English 

learning errors and constructs an adversarial optimization 

framework for learning errors. Through game training 

between a generator and a discriminator, learning-friendly 

description generation is achieved. Figure 4 shows the 

flowchart of adversarial optimization for learning errors and 

adaptive curriculum learning. The error distribution prior is 

statistically obtained based on a large-scale English learning 

corpus, covering typical error types such as vocabulary misuse, 

grammatical errors, and semantic deviations, denoted as 

Perr(e) . Error vectors are obtained by sampling from this 

distribution to inject into the generator, guiding the model to 

learn expression patterns that avoid errors. Error vector 

sampling satisfies z∼Perr(e), where e is the error type feature 

vector. The sampling process is implemented via a 

reparameterization trick to ensure gradients are 

backpropagatable. 

An error pattern discriminator Dϕ  is constructed, taking 

image features Fv  and the semantic embedding of the 

generated description as input, and outputs the probability that 

the description is learning-friendly. The discriminator is 

constructed using an MLP, and its output can be expressed as 

Dϕ(I,S)=σ(MLP([Fv;ES])) , where ES  is the semantic 

embedding of the description text and σ  is the Sigmoid 

activation function. Adversarial training adopts a minimax 

game strategy: the generator Gθ  generates descriptions by 

injecting error vectors, attempting to mislead the discriminator 

into judging them as learning-friendly; the discriminator 

learns the differences between real learning-friendly 

descriptions and error-induced generated descriptions to 

improve discrimination accuracy. The adversarial loss 

function is defined as: 

 

LAdv=EI,Sreal
[ logDϕ (I,Sreal)] 

+EI,z∼Pex[ log ( 1-Dϕ(I,Gθ(Fv,z)))] 
(10) 

 

where Sreal  is the real learning-friendly description. The 

expectation terms correspond to the discrimination loss of real 

samples and generated samples, respectively, guiding the 

generator to produce descriptions that better fit learning needs. 

To prevent the generated descriptions from becoming 

detached from the image content during adversarial training, a 

visual-textual consistency constraint is introduced. The CLIP 

model is utilized to extract features of the image and the 

generated description, and the semantic consistency of the two 

is measured by calculating the Euclidean distance. The 

constraint formula is: 

 

Lcons=‖CLIP(I)-CLIP(Sgen)‖2
2
 (11) 

 

where, Sgen  is the description text output by the generator, 

CLIP(I) and CLIP(Sgen) are the CLIP feature vectors of the 

image and the description, respectively. The cross-entropy loss, 

hierarchical visual semantic embedding loss, adversarial loss, 

and consistency constraint are integrated to construct the total 

model loss function: 

 

Ltotal=LCE+λ1LHVSE+λ2LAdv+λ3Lcons   (12) 

 

where, λ1,λ2,λ3 are adaptive weight coefficients, dynamically 

adjusted based on validation set performance, satisfying 

λ1+λ2+λ3=1 to ensure the synergistic optimization of each loss 

term. This achieves precise adaptation of generated 

descriptions to English learning needs while guaranteeing 
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image-description consistency. The model adopts an 

alternating training strategy, updating generator and 

discriminator parameters alternately until the loss function 

converges, ultimately obtaining a description generation 

model that possesses both accuracy and learning adaptability. 

 

 
 

Figure 4. Flowchart of adversarial optimization for learning errors and adaptive curriculum learning 

 

2.6 Cross-modal adaptive curriculum learning and image 

processing characteristic optimization 

 

To improve the model's generalization ability on samples of 

different difficulty levels and simultaneously strengthen the 

integration of image processing technology and English 

learning feedback, this paper designs a cross-modal adaptive 

curriculum learning strategy. By combining image visual 

characteristics and language complexity to dynamically adjust 

the training pace, progressive optimization of the model is 

achieved. The core of curriculum learning is to construct a 

joint complexity metric for image-description pairs, which 

comprehensively quantifies sample difficulty by considering 

both image visual entropy and description language 

complexity. Visual entropy is used to measure image texture 

complexity and information richness, calculated based on the 

image pixel grayscale distribution, defined as Hvis(I) = -
∑ pL
i=1 (i) log p (i), where L is the number of grayscale levels 

and p(i) is the probability of the i-th grayscale level. The higher 

the visual entropy, the richer the image details and the greater 

the recognition difficulty. Language complexity is calculated 

based on the vocabulary difficulty and sentence structure of 

the description text, denoted as Clang(S) , represented by a 

weighted sum of the inverse word frequency and sentence 

length. The joint complexity metric integrates the advantages 

of both, with the specific formula being: 

 

difficulty(I,S)=α⋅Hvis(I)+β⋅Clang(S) (13) 

 

where, α  and β  are adaptive weights satisfying α + β = 1 , 

which can be dynamically adjusted based on alignment 

performance during model training to ensure a balanced 

consideration of visual and linguistic difficulty. 

Based on the joint complexity metric, a dynamic sampling 

weight adjustment strategy is designed to guide the model to 

progressively learn samples of different difficulty levels. 

Sampling weights are dynamically updated with training 

epochs, and the update is based on the regional alignment 

accuracy Aalign. This metric quantifies the precision of visual-

semantic alignment, calculated as: 

 

Aalign=
Ncorrect

Ntotal

 (14) 

 

where, Ncorrect  is the number of correctly aligned image 

regions and Ntotal is the total number of regions. The sampling 

weight adjustment formula is as follows: 

 

wt+1(I,S)=wt(I,S)⋅exp(η⋅1[Aalign>θt]⋅difficulty(I,S)) (15) 

 

where, wt(I,S) is the sampling weight of sample (I,S) in the t-

th training epoch, η is the weight adjustment coefficient, 1[] is 

the indicator function taking the value 1 when Aalign > θt and 0 

otherwise, and θt  is a dynamic threshold increasing with 

training epochs. This strategy enables the model to 

automatically increase the sampling weight of high-difficulty 

samples when alignment accuracy is high, and focus on 

consolidating low-difficulty samples when alignment 

accuracy is insufficient, effectively improving the model's 

generalization ability. 

To achieve deep integration of image processing technology 

and learning feedback, a visual-semantic alignment heatmap 

is designed. This heatmap visualizes model attention weights 

and maps them back to the original coordinate space of the 

image. The heatmap generation process is based on the visual 

attention weights αt
v. Bilinear interpolation is used to reshape 

the attention weight matrix to the same size (H0,W0) as the 

input image I. The interpolation formula is 

Interp(αt
v,(H0,W0))= ∑ αt

vK
k=1 (k)⋅ϕ

k
(x,y) , where ϕ

k
(x,y)  is the 
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bilinear interpolation basis function and k is the number of 

attention weights. The generated heatmap intuitively presents 

the correspondence between image regions focused on by the 

model and description words, clearly reflecting visual-

semantic alignment details. It transforms the fine-grained 

understanding results of image processing into intuitive 

learning feedback, helping learners clarify the association 

between image content and English expression, embodying 

the technical advantages of image processing while enhancing 

the practical application value of the system. 

 

 

3. EXPERIMENTAL RESULTS AND ANALYSIS 

 

3.1 Experimental setup 

 

This chapter relies on multiple sets of comparative 

experiments, ablation studies, and specialized verification 

experiments to systematically evaluate the comprehensive 

performance of the proposed algorithm in image captioning, 

cross-modal semantic alignment, educational scenario 

adaptation, and image processing performance. 

Simultaneously, model stability and inference efficiency tests 

are completed to ensure the objectivity and reproducibility of 

experimental conclusions. 

The experiments use two types of general image description 

datasets, MSCOCO and Flickr30k, as basic data, combined 

with English learning corpora from middle school to 

university levels to complete secondary annotation expansion. 

Image preprocessing is completed relying on enhancement 

methods such as random cropping, color perturbation, and 

Gaussian blur. Vocabulary-level annotation, phrase semantic 

segmentation, and typical learning error pattern annotation are 

completed synchronously, constructing an experimental 

sample set that combines general visual scenes with 

educational semantic features. 

The hardware environment adopts a dual-GPU parallel 

training configuration, and the deep learning framework is 

built based on PyTorch. The training process adopts an 

adaptive learning rate decay strategy. The base learning rate is 

set to 2 × 10-4, the batch size is set to 32, weight decay and 

gradient clipping are uniformly adopted to suppress overfitting, 

and the number of iterations is set to 120 epochs. Optimal 

weights are saved after model convergence for subsequent 

testing and comparative analysis. 

 

3.2 Overall model performance comparison experiment 

 

To comprehensively verify the overall superiority of the 

algorithm in this paper, the proposed complete model is 

compared horizontally with mainstream baseline models 

under all evaluation metrics. The experimental results are 

shown in Table 1. 

Combining the quantitative data in Table 1 for analysis, 

compared with the optimal comparison model BLIP-2, the 

proposed method increases BLEU-1 by 4.15, BLEU-4 by 4.26, 

and METEOR and CIDEr by 3.27 and 5.77 respectively, with 

an average improvement of over 10% in key generation 

metrics. Among cross-modal alignment metrics, the regional 

alignment accuracy Aalign increased by 6.25, and the second-

order Wasserstein distance decreased from 1.215 to 0.784, a 

reduction of 35.4%, proving that multi-granularity feature 

fusion and hybrid distance measurement can significantly 

reduce the distribution deviation between visual and semantic 

features. At the level of image processing efficiency, the 

feature extraction frame rate of the model in this paper reaches 

30.5 fps, which is 40% higher than BLIP-2 and also superior 

to the baseline model and FLAVA architecture, achieving 

optimization of computational overhead while ensuring 

improved representation precision. The overall indicators of 

the baseline model and FLAVA are relatively low, confirming 

that single visual encoding and fixed semantic alignment 

methods have performance bottlenecks and cannot 

simultaneously meet the dual requirements of fine-grained 

image parsing and high-order semantic matching. 

 

3.3 Core module ablation study 
 

To quantitatively analyze the independent contribution of 

each core component, ablation experiment groups were 

constructed by sequentially removing single key modules. The 

test results of the complete model and each variant model are 

shown in Table 2. 

Quantifying the performance contribution of each module 

from the ablation experiment data, after removing the cross-

layer fusion module, CIDEr decreased by 9.22 and Aalign 

decreased by 9.09, representing the largest attenuation among 

all single-item deletion experiments. This indicates that multi-

granularity cross-layer fusion is the core foundation for 

ensuring visual representation and regional matching precision. 

After eliminating HVSE hierarchical embedding, the regional 

alignment accuracy decreased by 7.44, directly reflecting the 

constraining effect of the dual-granularity semantic structure 

on cross-modal matching. Following the removal of the VSGA 

attention module, generation quality metrics showed a 

significant decline, with CIDEr decreasing by 8.29, proving 

that the dynamic gating mechanism can effectively improve 

the stability of description generation in complex scenes. After 

pruning adversarial optimization and adaptive curriculum 

learning, heatmap accuracy decreased by 5.44 and 4.23 

respectively; these two modules directly enhance the precision 

of image processing visualization output. Compared with the 

five ablation variants, the complete model shows an average 

improvement range of 3.13 to 9.22 in core metrics. Each 

module forms a complementary constraint relationship, and 

the absence of any component causes a chain-like performance 

degradation in visual processing, semantic alignment, and text 

generation. 

 

Table 1. Comparison of overall performance of different models 
 

Model BLEU-1 BLEU-4 METEOR CIDEr Aalign 
Wasserstein 

Distance 

Feature Extraction 

Efficiency /(fps) 

Baseline Embedding 

Model 
68.32 21.57 24.61 75.39 72.45 1.862 28.6 

FLAVA 72.15 25.83 27.85 81.64 76.92 1.537 24.2 

BLIP-2 75.69 29.46 30.27 86.71 81.36 1.215 21.8 

Proposed Method 79.84 33.72 33.54 92.48 87.61 0.784 30.5 
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Table 2. Core module ablation experiment results 

Experimental 

Model 

Cross-Layer 

Fusion 

HVSE 

Embedding 

VSGA 

Attention 

Adversarial 

Optimization 

Curriculum 

Learning 
CIDEr Aalign 

Heatmap 

Accuracy 

Ablation Model 1 × √ √ √ √ 83.26 78.52 80.14 

Ablation Model 2 √ × √ √ √ 85.73 80.17 81.69 

Ablation Model 3 √ √ × √ √ 84.19 79.35 82.36 

Ablation Model 4 √ √ √ × √ 87.62 82.48 83.51 

Ablation Model 5 √ √ √ √ × 89.35 84.29 84.72 

Proposed 

Complete Model 
√ √ √ √ √ 92.48 87.61 88.95 

Table 3. Specialized comparison results of visual semantic alignment 

Embedding Method 
Similarity 

Measurement Method 
Aalign 

Positive-Negative Sample 

Distance Difference 

Semantic Distribution 

Dispersion 

Single-Granularity Global Embedding Cosine Similarity 77.26 0.531 1.428 

Single-Granularity Global Embedding Wasserstein Distance 79.43 0.627 1.265 

Dual-Granularity Hierarchical Embedding Cosine Similarity 83.58 0.714 0.973 

Proposed HVSE Dual-Granularity 

Embedding 
Hybrid Similarity 87.61 0.926 0.619 

Table 4. Performance comparison of adversarial optimization and curriculum learning 

Experimental Condition 
Error Pattern 

Coverage 

Simple Sample 

CIDEr 

Medium 

Sample CIDEr 

Complex 

Sample CIDEr 

Training 

Convergence Epochs 

No Adversarial Optimization + No 

Curriculum Learning 
65.38 93.25 85.61 74.32 96 

With Adversarial Optimization + 

No Curriculum Learning 
82.74 93.18 87.26 76.95 91 

No Adversarial Optimization + 

With Curriculum Learning 
67.21 94.03 89.54 83.67 84 

Proposed Dual-Strategy Synergy 84.92 94.26 91.83 88.41 76 

3.4 Specialized experiment on visual semantic alignment 

performance 

Focusing on the alignment effect of hierarchical visual 

semantic embedding, control conditions such as single-

granularity embedding and traditional distance measurement 

were set up to conduct specialized tests from the two 

dimensions of region matching accuracy and feature 

distribution difference. The experimental results are shown in 

Table 3. 

Based on the multidimensional quantitative comparison 

completed using the data in Table 3, compared with the basic 

scheme of traditional single-granularity embedding combined 

with cosine similarity, the HVSE method in this paper 

increased the regional alignment accuracy by 10.35, expanded 

the positive-negative sample distance difference by 0.395, and 

reduced the semantic distribution dispersion by 0.809. Under 

the same single-granularity conditions, simply introducing 

Wasserstein distance only brought an alignment accuracy 

improvement of 2.17, indicating limited optimization effects; 

when dual-granularity embedding was used with a single 

cosine metric, the alignment accuracy improved by 6.32, 

which was still significantly lower than the hybrid metric 

strategy proposed in this paper. The hybrid similarity proposed 

in this paper can synchronously strengthen feature vector 

correlation and distribution structure constraints, increasing 

the distinguishability of positive and negative samples by 74.4% 

and compressing semantic space dispersion by 56.1%. 

Numerical results fully prove that the combination of 

hierarchical semantic splitting and distribution-aware distance 

measurement can systematically optimize the cross-modal 

matching ability of vision and language from the feature space 

level. 

3.5 Effectiveness experiment of adversarial optimization 

and curriculum learning 

Focusing on educational scenario adaptability and model 

generalization ability, key metric changes before and after the 

introduction of adversarial optimization and adaptive 

curriculum learning were compared, and the results are shown 

in Table 4. 

Quantitative data indicate that the separate introduction of 

adversarial optimization increased the error pattern coverage 

by 17.36, and improved CIDEr for medium and complex 

samples by 1.65 and 2.63 respectively, effectively 

constraining expression outputs that do not conform to 

learning norms. After separately implementing adaptive 

curriculum learning, complex sample recognition performance 

increased by 9.35, and convergence epochs were shortened by 

12 rounds, reflecting the gain of the visual complexity-guided 

training strategy on model generalization ability. Under the 

synergy of the two mechanisms, error pattern coverage finally 

increased by 19.54, complex scene CIDEr increased by 14.09, 

and convergence epochs were compressed by 20 rounds. The 

fluctuation amplitude of simple sample metrics was less than 

1.0, indicating that the optimization strategies do not sacrifice 

generation effects in conventional scenes but specifically 

strengthen high-difficulty image parsing and educational 

scenario adaptation capabilities, achieving differentiated 

performance optimization. 

3.6 Heatmap feedback and user experience experiment 

Taking actual English learning application scenarios as the 

foothold, a controlled experiment on visual semantic 

alignment heatmap-assisted learning was conducted. The 
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application value was comprehensively evaluated through 

objective metrics and subjective ratings, and the statistical 

results are shown in Figure 5 and Table 5. 
 

 
 

Figure 5. User error correction accuracy and scene 

expression completeness in heatmap-assisted learning 

 

 
 

Figure 6. Model stability comparison 
 

Table 5. User experiment results of heatmap-assisted 

learning 

 

Expermental Group 

Average 

Learning 

Time 

User 

Satisfaction 

Score 

Control Group (No Heatmap 

Assistance) 
426s 3.42 

Experimental Group (Heatmap 

Visualization Assistance) 
318s 4.67 

 

The quantitative differences in the data from the two groups 

of experiments are significant. The heatmap visualization 

scheme increased error correction accuracy by 14.48, 

improved scene expression completeness by 12.55, and 

enhanced overall learning efficiency by 25.4%. In the 

subjective evaluation dimension, the user satisfaction score 

increased by 1.25, and the objective quantitative metrics and 

subjective feedback formed a unified conclusion. Analyzing 

from the perspective of image processing applications, pixel-

level mapping of attention weights can achieve precise binding 

of key image regions and textual semantics, directly reducing 

learners' scene cognitive bias, providing quantitative data 

support for the implementation of image processing 

technology in educational scenarios. 

 

3.7 Experimental stability and efficiency analysis 

 

To verify model robustness and engineering deployment 

potential, cross-dataset stability tests and inference efficiency 

comparisons were conducted, with results shown in Figure 6 

and Table 6. 

 

Table 6. Inference efficiency comparison of different models 

 

Test 

Condition 

MSCOCO 

Dataset 

CIDEr 

Flickr30k 

Dataset 

CIDEr 

Single Image 

Inference 

Time / ms 

Model 

Parameters / 

M 

FLAVA 81.64 79.28 41.2 226.3 

BLIP-2 86.71 84.53 47.5 258.7 

Proposed 

Method 
92.48 90.16 32.6 204.5 

 

Cross-dataset test results show that performance deviation 

between different datasets can be stably controlled within 2.32. 

Compared with BLIP-2 and FLAVA, cross-scenario 

performance fluctuations decreased by 1.85 and 1.61 

respectively, proving that the model's visual feature extraction 

possesses stronger scene generalization. At the level of 

inference efficiency, the single-image inference time of this 

paper is shortened by 14.9 ms compared to BLIP-2, and the 

parameter count is compressed by 54.2 M. The lightweight 

module design effectively reduces computational and storage 

costs. Combining multiple sets of quantitative results, this 

method demonstrates clear advantages in the three core 

engineering metrics of cross-domain stability, inference speed, 

and model lightness, meeting the application conditions for 

offline deployment and real-time assisted learning. 

To verify the representation capability of the proposed 

method for multi-granularity visual information in real image 

scenarios and the effectiveness of its alignment with English 

semantic units, this paper further designed a single-sample 

visualization experiment shown in Figure 7. Experimental 

results indicate that the original input image, containing a girl, 

a horse, a feeding action, and a scene background, constitutes 

a complex visual context with obvious target interaction 

relationships. The single ConvNeXt branch can adequately 

preserve local details such as contours, textures, and edges, but 

the response distribution is relatively discrete, making it 

difficult to form stable semantic structures; the single Swin 

Transformer branch captures the global interaction between 

the girl's hand, the food, and the horse's mouth relatively well, 

but suffers from certain blurring in local boundaries and fine-

grained textures. In contrast, the enhanced feature map after 

adaptive gated fusion retains the clear contours of main targets, 

continuous responses in key interaction areas, and the overall 

structure of the background scene simultaneously. This 

demonstrates that the multi-granularity cross-layer fusion 

mechanism proposed in this paper can effectively alleviate the 

problems of semantic dispersion in local features and 

insufficient detail in global features. In the visual semantic 

alignment results, the model can stably map phrases such as "a 

girl," "feeding the horse," "the horse," and "carrot" to 

corresponding image regions, forming differentiated spatial 

positioning for action phrases and target nouns. This indicates 

that the hierarchical visual semantic embedding and hybrid 

similarity measurement can support precise association 

between word-level, phrase-level semantics, and visual 

regions. 
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Figure 7. Example of multi-granularity visual feature fusion and alignment effect of the proposed method: (a) Original input 

image; (b) Local texture features extracted by ConvNeXt only; (c) Global semantic features extracted by Swin Transformer only; 

(d) Enhanced features after adaptive gated fusion; (e) Visual-semantic alignment arrow diagram 

 

 

4. DISCUSSION 

 

The in-depth analysis of experimental results indicates that 

the core innovative modules proposed in this paper, through 

synergistic effects, effectively break through the limitations of 

existing multimodal fusion technologies in image processing 

precision, cross-modal alignment effectiveness, and 

educational scenario adaptability, forming a solution that 

combines technological innovation with application 

practicality. The multi-granularity cross-layer fusion module 

dynamically balances local texture features and global 

semantic features through an adaptive gating mechanism, 

solving the problem that single encoding architectures struggle 

to balance fine-grained parsing with global understanding. The 

dual improvement in regional alignment accuracy and feature 

extraction efficiency in the experiments confirms the 

advantages of this module in enhancing visual feature 

representation capabilities, providing high-quality front-end 

image processing support for subsequent cross-modal 

alignment. The hierarchical visual semantic embedding 

method, through the construction of dual-granularity 

embedding spaces and hybrid similarity measurement, 

effectively narrows the distribution difference between visual 

features and English semantics, enabling precise alignment of 

both word-level and phrase-level semantics. Compared with 

single-granularity embedding strategies, it significantly 

reduces the probability of semantic mismatch. The visual-

semantic gated attention mechanism improves the robustness 

of caption generation in complex scenes by dynamically 

adjusting visual and semantic attention weights, ensuring that 

the generated text not only fits the image content but also 

adapts to English learning needs of varying difficulty. The 

error-driven adversarial optimization and adaptive curriculum 

learning strategies specifically address the pain points of 

educational scenario adaptability and model generalization. 

The former avoids expressions unsuitable for learning through 

error pattern constraints, while the latter relies on visual 

entropy-driven difficulty quantification to achieve progressive 

training; the synergy of the two makes the model's 

performance more balanced across samples of different 

difficulty levels. Compared with existing research, the method 

in this paper places greater emphasis on the deep integration 

of image processing technology and educational scenarios. By 

visualizing results into heatmaps, image processing outcomes 

are transformed into interpretable learning feedback, 

highlighting the technical characteristics of image processing 

while enhancing the practical value of the method, filling the 

gap in targeted research on multimodal fusion technology in 

the field of English learning assistance. 

Although the method in this paper demonstrates significant 

advantages in multidimensional experiments, certain 

limitations remain. These limitations stem from the inherent 

challenges of combining cross-modal fusion with educational 

scenarios and also point the way for subsequent research. 

Regarding complex scene processing, when facing densely 

distributed small objects or blurry images, there is still room 

for improvement in feature extraction precision. The core 

reason lies in the limitations of the existing dual-branch 

encoding architecture in distinguishing features of dense small 

targets, and the visual entropy calculation does not fully 

consider the feature weights of blurred regions, leading to a 

decline in the precision of local feature extraction. The 

generalization ability of the error pattern discriminator needs 

further optimization, mainly because current error pattern 

annotations rely on specific English learning corpora, and the 

coverage of error types for learners of different ages and 

proficiency levels is insufficient, causing the discriminator to 

perform poorly on unseen error patterns. Furthermore, the 

visualization effect of visual-semantic alignment heatmaps 

can still be improved. Existing interpolation methods easily 

cause detail loss during the attention weight mapping process, 

making it difficult to accurately present the correspondence 

between subtle image regions and vocabulary, affecting the 

refinement of learning feedback. These limitations are not 

flaws in method design but rather common problems that need 

gradual improvement during the implementation of cross-

modal intelligent assistance systems, providing clear 

optimization directions for future work. 

Combining the limitations of this paper with the 

development trends in the image processing field, future work 

will focus on technical optimization and scenario expansion to 

further enhance the performance and practical value of the 

method. At the image processing level, more advanced visual 

encoding models will be introduced, relying on improved 
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Vision Transformer architectures to enhance feature extraction 

precision in complex scenes, optimizing visual entropy 

calculation methods, and strengthening the feature parsing 

capabilities for blurred regions and dense small targets. At the 

level of educational scenario adaptation, the error pattern 

library will be expanded to integrate English error data from 

different learning stages and scenarios, optimizing the 

discriminator structure in the adversarial optimization strategy 

to improve its generalization ability against unknown error 

patterns. To address multi-scenario data privacy and 

generalization issues, a federated learning framework will be 

combined to achieve distributed training of multi-source data, 

enhancing the model's adaptability in different learning 

scenarios while protecting data privacy. At the level of 

visualization feedback, super-resolution reconstruction 

technology will be introduced to optimize the heatmap 

generation process, reducing detail loss. Interactive functions 

will also be added to allow learners to locate image regions 

corresponding to specific vocabulary via heatmaps, further 

strengthening the fusion effect of image processing technology 

and learning assistance. Future research will continue to 

promote the cross-integration of image processing and 

intelligent education, constantly improving the practicality 

and robustness of the system, providing more valuable 

technical support for the deep application of cross-modal 

fusion technology in the education field. 

5. CONCLUSION

This paper conducted systematic research on the modeling 

and deep optimization of an English learning assistance 

system integrating image captioning and visual semantic 

embedding, constructing an end-to-end intelligent assistance 

system that balances image processing precision, multimodal 

alignment effectiveness, and educational scenario adaptability, 

and proposing a collaborative optimization scheme of five 

core innovative modules. Specifically, this paper designed a 

multi-granularity cross-layer fusion visual encoder to achieve 

adaptive fusion of image local texture and global semantic 

features, proposed a hierarchical visual semantic embedding 

method to improve the fine-grained alignment capability 

between vision and English semantics, constructed a visual-

semantic gated attention generator to optimize the robustness 

and adaptability of caption generation, introduced an 

adversarial optimization strategy for learning errors to ensure 

the learning-friendliness of generated texts, and proposed a 

cross-modal adaptive curriculum learning method to improve 

model generalization ability and realize visualized learning 

feedback combined with heatmaps. The core contributions of 

this paper focus on technological innovations in image 

processing and multimodal fusion. Multi-granularity feature 

fusion and heatmap feedback strengthen the application depth 

of image processing technology, hierarchical embedding and 

gated attention mechanisms break through the limitations of 

traditional multimodal alignment, and these technologies are 

deeply combined with English learning scenarios, filling the 

gap in targeted adaptation of existing multimodal models in 

educational scenarios and achieving the unity of technological 

innovation and application value. This research not only 

provides new research ideas and technical paradigms for the 

interdisciplinary field of image processing and education but 

also offers reliable technical support for the development of 

intelligent education systems. With its research orientation 

focusing on technological innovation and practical 

implementation of image processing, the constructed system 

and optimization methods possess good academic reference 

value and practical application prospects, and can provide 

important references for the deep application of subsequent 

cross-modal fusion technologies in the field of intelligent 

education. 
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