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In personalized education scenarios, visual representations of instructional images often 

suffer from a lack of high-level semantics, the absence of knowledge-driven logical 

constraints in Transformer self-attention mechanisms, and an inability to adaptively 

modulate features according to students’ cognitive states. These limitations significantly 

hinder the application of multimodal image understanding in personalized learning services. 

To address these challenges, this paper proposes an optimized multimodal image 

representation learning framework guided by knowledge graph semantic constraints. The 

proposed method begins with a multimodal feature extraction and semantic prototype 

initialization module, which maps entities and relations from educational knowledge graphs 

into the visual feature space. A semantic-guided sparse graph attention mechanism is then 

introduced to select semantically relevant image regions based on knowledge topology, 

thereby reducing computational complexity while explicitly injecting structured semantic 

constraints. A Relation-Path-Constrained (RPC) - Information Noise-Contrastive 

Estimation (InfoNCE) contrastive loss is further designed to encode causal relationships and 

partial-order evolutionary patterns among educational concepts. In addition, student 

cognitive state vectors are incorporated to enable dynamic semantic masking and 

personalized weighting of image representations at the attention level. To further refine the 

representation distribution, the framework integrates graph Laplacian semantic consistency 

regularization and hyperbolic geometric hierarchical constraints, optimizing the learned 

embeddings from both topological alignment and hierarchical modeling perspectives. The 

entire model is trained in an end-to-end manner. Extensive experiments on a self-constructed 

educational multimodal image dataset and public benchmarks demonstrate that the proposed 

method consistently outperforms strong baselines across multiple vision-centric tasks, 

including cross-modal image retrieval, knowledge point clustering, and personalized 

exercise recommendation. Visualization analyses—via attention heatmaps and hyperbolic 

space embeddings—further confirm the model’s precise semantic focus, effective 

hierarchical modeling capability, and adaptive personalization characteristics. This study 

offers a novel technical paradigm for image processing and multimodal understanding in 

personalized education, with significant academic value and practical potential. 
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1. INTRODUCTION

The in-depth development of digital education has 

propelled personalized intelligent education into a refined 

stage [1-3]. Instructional images, such as textbook diagrams, 

physics and chemistry experiment illustrations, and geometric 

structure charts, have become core visual carriers for 

transmitting knowledge and assisting cognition. As key 

technologies for parsing the semantic content of instructional 

images, mining the intrinsic associations between knowledge 

points, and enabling the precise delivery of personalized 

learning content [4, 5], the performance of image processing 

and multimodal representation learning directly determines 

the quality and efficiency of personalized education services. 

Traditional image processing methods [6] are limited to 

extracting low-level pixel, texture, and contour features, 

making it difficult to capture the educational knowledge points, 

conceptual hierarchies, and causal logical relationships 

embedded within instructional images. Although general-

purpose visual multimodal models [7] achieve cross-modal 

alignment between images and text, their design lacks domain-

specific prior knowledge from education. They suffer from 

inherent defects such as global redundancy in attention, 

ambiguous semantic associations, and susceptibility to 

background noise, failing to meet the core requirements of 

personalized education for knowledge-structured, cognitively 

adaptive, and semantically interpretable image representations. 

This has become a critical bottleneck restricting the 
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application of multimodal technologies in personalized 

education scenarios [8]. From an academic research 

perspective, this paper establishes a deep integration paradigm 

between knowledge graph topological constraints and visual 

representation learning [9, 10], breaking through the limitation 

of general multimodal models lacking domain knowledge 

guidance, and providing new ideas for domain-specific 

instructional image multimodal representation modeling. 

From an engineering application perspective, the proposed 

method can directly support downstream image processing 

tasks such as knowledge point localization in teaching images, 

cross-modal retrieval, visual diagnosis of learning weaknesses, 

and personalized exercise recommendation [11, 12], 

demonstrating significant theoretical research value and 

engineering implementation potential. 

Existing related research still suffers from many 

shortcomings that need to be addressed urgently, making it 

difficult to adapt to the special needs of personalized education 

scenarios. In the field of general multimodal visual 

representation, Vision Transformer (ViT), Contrastive 

Language Image Pretraining (CLIP), and various derivative 

cross-modal models [13, 14] primarily rely on global self-

attention mechanisms for feature interaction. They not only 

suffer from high computational complexity of O(N²), but also 

lack effective semantic prior guidance. They can only achieve 

shallow image-text matching and fail to accurately model the 

hierarchical relationships and causal evolution paths of 

knowledge points within instructional images. Regarding 

knowledge graph-enabled visual modeling [15, 16], existing 

studies mostly stop at the simple concatenation or shallow 

mapping of knowledge entity embeddings and visual features. 

They fail to construct knowledge topology-driven sparse 

visual attention mechanisms and lack relation path-level 

contrastive constraints, making it difficult to deeply integrate 

the structured semantics of knowledge graphs into the entire 

process of image representation learning, resulting in 

insufficient semantic logic in the representations [17, 18]. In 

the field of personalized education modeling, existing research 

mostly focuses on knowledge tracing modeling based on text 

and behavioral data [19, 20], rarely introducing student 

cognitive states from the perspective of image processing, and 

thus unable to achieve dynamic adaptive modulation of 

instructional image region representations according to 

students' knowledge mastery levels [21, 22]. Meanwhile, 

existing models lack effective representation optimization 

means such as graph topological regularization and hyperbolic 

hierarchical geometric constraints, leading to significant 

limitations in the generalization and semantic interpretability 

of the models. 

Aiming at the aforementioned research gaps, this paper 

conducts research on optimizing multimodal image 

representation learning for personalized education teaching 

image processing scenarios. The main contributions are as 

follows: (1) A complete framework for multimodal image 

representation learning integrating knowledge graph semantic 

constraints is proposed. A semantically guided sparse graph 

attention mechanism is innovatively designed to filter 

interaction relationships between image regions based on the 

topological structure of knowledge concepts. This 

significantly reduces the computational overhead of traditional 

self-attention while achieving structured constraints of high-

level knowledge semantics on visual attention, thereby 

enhancing the semantic focusing capability of the 

representation. (2) A Relation-Path-Constrained (RPC) - 

Information Noise-Contrastive Estimation (InfoNCE) 

contrastive learning loss is constructed. It breaks through the 

limitation of traditional InfoNCE loss, which can only achieve 

sample-level image-text alignment, by explicitly modeling the 

causal partial order and evolutionary relationships of 

educational knowledge points, thereby strengthening the 

logical semantic encoding capability of multimodal image 

representations. (3) A cognitive state-driven dynamic 

semantic mask optimization strategy is proposed. By taking 

students' knowledge mastery as prior input, the weights of 

image regions are adaptively modulated at the visual attention 

aggregation layer. For the first time, personalized 

customization of instructional image representations is 

achieved from the perspective of image processing attention 

mechanisms, adapting to the cognitive differences of different 

students. (4) Graph Laplacian semantic consistency 

regularization and hyperbolic geometric hierarchical 

constraints are introduced to optimize the distribution of image 

representations from the dimensions of knowledge topology 

alignment and educational concept hierarchy modeling, 

respectively. This effectively improves the semantic 

consistency, hierarchical modeling capability, and model 

interpretability of the representations, realizing end-to-end 

joint optimization training of the entire framework. 

The organization of the subsequent chapters of this paper is 

as follows: Chapter 2 systematically reviews three types of 

related research: multimodal visual representation, knowledge 

graph and visual semantic fusion, and cognition-driven 

personalized education modeling, and deeply analyzes the 

inherent defects and shortcomings of existing research. 

Chapter 3 elaborates on the overall architecture of the 

optimization method proposed in this paper, the technical 

details of each core module, and the derivation of relevant 

mathematical formulas. Chapter 4 designs multiple groups of 

comparative experiments, ablation experiments, parameter 

sensitivity experiments, visualization experiments, and 

generalization experiments, verifying the effectiveness and 

superiority of the proposed method through quantitative 

results and qualitative analysis. Chapter 5 deeply analyzes the 

internal working mechanism of the proposed method, its core 

differences from existing methods, the limitations of the model, 

and directions for future research expansion. Chapter 6 

summarizes the full text's research work and core conclusions, 

condensing the academic value and application prospects of 

the research findings. 

 

 

2. OPTIMIZED MULTIMODAL IMAGE 

REPRESENTATION LEARNING METHOD 

INTEGRATING KNOWLEDGE GRAPH SEMANTIC 

CONSTRAINTS 

 

2.1 Overview of overall architecture 

 

To meet the core requirements of personalized education 

scenarios for semantic enhancement, cognitive adaptation, and 

interpretability of instructional image representations, this 

paper proposes an optimized multimodal image representation 

learning method integrating knowledge graph semantic 

constraints. Its core objective is to construct image 

representations capable of accurately capturing the semantics 

of educational knowledge points and adapting to the cognitive 

differences of students. The overall framework is illustrated in 

Figure 1. The framework consists of three collaboratively 
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linked core modules, forming an end-to-end trainable 

multimodal representation learning system: (1) The 

Multimodal Feature Extraction and Initial Alignment Module 

extracts initial features of instructional image patches and 

relevant textbook text via a ViT and a lightweight text encoder, 

respectively, achieving preliminary spatial alignment of 

features from the two modalities. (2) The Knowledge Graph 

Semantic Constraint Module encodes entities and relations 

from the educational domain knowledge graph into a 

differentiable semantic topology. Relying on a sparse graph 

attention mechanism and relational path contrastive learning, 

it imposes structured semantic constraints on visual features, 

strengthening the semantic logic and accuracy of the 

representations. (3) The Personalized Representation 

Optimization Module dynamically generates semantic masks 

based on student cognitive state vectors, adaptively 

modulating the representation weights of image regions to 

realize the personalized adaptation of image representations. 

The following sections will elaborate on the core technical 

details and mathematical formalizations of each module in 

turn, clarifying the collaborative working mechanisms and 

operational principles of each module. The overall architecture 

is shown in Figure 1. 

 

 

 
 

Figure 1. Overall architecture diagram of multimodal image representation learning integrating knowledge graph semantic 

constraints 

 

2.2 Multimodal feature extraction and semantic prototype 

initialization 

 

The core of multimodal feature extraction is to obtain 

discriminative initial features of images and text and achieve 

preliminary spatial alignment between the two modalities, 

laying the foundation for subsequent semantic constraints and 

personalized optimization. Given an instructional image 

IRH×W×3, where H and W are the height and width of the 

image respectively, and 3 represents the RGB channels, it is 

divided into N non-overlapping 16 × 16 image patches. The 

selection of this patch size balances the local details and global 

correlations of knowledge points in instructional images, 

effectively preserving key visual information in scenarios such 

as textbook diagrams and experiment illustrations. Each image 

patch undergoes linear projection processing to convert 

features from the pixel space into high-dimensional feature 

embeddings. The linear projection process can be expressed as: 

 

vj=Wproj⋅xj+bproj (1) 

where, xjR16×16×3 is the pixel matrix of the j-th image patch, 

WprojRD×768 and bprojRD are the learnable weight and bias 

of the linear projection layer respectively, and D is the feature 

embedding dimension. Finally, the image patch embedding 

sequence V=[v1,v2,⋯,vN]RN×D  is obtained. To improve 

feature stability, layer normalization is introduced after 

projection to standardize each image patch embedding, 

reducing interference caused by feature distribution 

differences. 

The structured semantics contained in the knowledge graph 

are key to improving the semantic logic of image 

representations. However, the modality gap between entity 

embeddings and visual features prevents the effective fusion 

of semantic information. Therefore, it is necessary to construct 

a semantic prototype projection mechanism to achieve spatial 

alignment between the two. The entity set E = {e1,…,eM}and 

relation triples (eh,r,et) related to the current learning content 

are extracted from the educational knowledge graph, where M 

is the number of entities, and eh、et  are the head and tail 

823



 

entities of relation r, respectively. Each entity ei  obtains an 

initial vector eiRD  through a pre-trained knowledge graph 

embedding method. On this basis, a learnable semantic 

prototype projection layer is introduced to map the entity 

embeddings to the visual feature space, generating semantic 

prototypes with the same dimension as the image features. 

This projection layer adopts a two-layer fully connected 

network structure, which can fully fit the complex mapping 

relationship between entity semantics and visual features. Its 

mathematical expression is: 

 

p
i
=W2⋅ReLU(W1⋅ei+b1)+b2 (2) 

 

where, W1RD×D  are W2RD×D  the weights of the fully 

connected layers, b1RD and b2RD are the bias terms, and 

ReLU is the activation function used to enhance the nonlinear 

fitting capability of the model. p
i
 is the semantic prototype of 

the i-th concept. The semantic prototype projection layer is 

jointly optimized with the overall network. During the training 

process, its parameters are updated synchronously with those 

of subsequent modules such as the attention mechanism and 

contrastive learning, ensuring that the semantic prototypes can 

accurately adapt to the visual feature space. This achieves deep 

alignment between knowledge graph entity semantics and 

image visual features, providing a reliable semantic 

benchmark for the subsequent semantic constraint module. 

Semantic prototypes are not only the carrier of knowledge 

graph semantics mapped to the visual space but will also serve 

as the core reference for the subsequent semantically guided 

sparse graph attention mechanism, used to filter semantically 

related image regions. Through the above process of 

multimodal feature extraction and semantic prototype 

initialization, the discriminability of the initial image and text 

features is guaranteed, and a bridge between knowledge 

semantics and visual features is built through semantic 

prototypes. This effectively eliminates fusion barriers caused 

by modality differences, providing a solid foundation for 

semantic enhancement and personalized optimization of the 

entire multimodal image representation learning framework. 

 

2.3 Semantically guided sparse graph attention mechanism 

 

The visual attention mechanism is the core of multimodal 

image representation learning. Traditional self-attention 

mechanisms achieve feature interaction by calculating the 

affinity between all pairs of image patches, which not only 

suffers from high computational complexity of O(N²), but also 

lacks effective semantic prior guidance. This easily leads to 

attention being focused on irrelevant background regions, 

making it difficult to adapt to the characteristics of 

instructional images that are knowledge-intensive and strongly 

semantically structured. To address this issue, a semantically 

guided sparse graph attention mechanism is constructed. 

Relying on the structured semantics of the educational 

knowledge graph, it filters semantically related image regions 

for attention interaction. While reducing computational 

complexity, it achieves precise constraints of high-level 

knowledge semantics on visual attention, injecting structured 

semantic information into the image representations. This 

mechanism takes the semantic prototypes generated in Section 

2.2 as the core reference, and establishes the association 

between image patches and knowledge concepts by 

constructing a region-concept bipartite graph, thereby 

realizing the sparsification and semanticization of attention 

interaction. Figure 2 illustrates the schematic diagram of the 

semantically guided sparse graph attention interaction and 

feature aggregation mechanism. 

 

 
 

Figure 2. Schematic diagram of semantically guided sparse graph attention interaction and feature aggregation mechanism 

 

The association strength between image patches and 

knowledge concepts is the core basis for sparse attention 

filtering, and it is necessary to quantify the semantic matching 

degree between the two through similarity calculation. For 

each image patch feature vj and each concept semantic 

prototype pi, cosine similarity is adopted to measure their 

semantic association degree. This metric can effectively avoid 

interference caused by feature scale differences and accurately 

capture the semantic consistency between the two. The 

calculation method is: 

 

sj,i=
vj⋅p

i

‖vj‖‖p
i
‖

 (3) 

 

where, sj,i  [0,1], and a larger value indicates a closer 
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semantic association between the j-th image patch and the i-th 

knowledge concept. To ensure the sparsity and semantic 

specificity of attention interaction, for each image patch j, the 

top K knowledge concepts with the highest similarity are 

selected as its strongly associated concepts. The range of K is 

set to 3 to 5, which can not only guarantee the semantic 

integrity of the image patch but also avoid semantic 

redundancy caused by introducing too many concepts. Based 

on this, a sparse adjacency matrix Aℝ(N×M) is constructed, 

where Aj,i  = 1 indicates that the i-th concept is a Top-K 

strongly associated concept of the j-th image patch, otherwise 

Aj,i = 0. The sparsity of the adjacency matrix is determined by 

the value of K. Through this matrix, the knowledge concepts 

corresponding to each image patch can be clearly marked, 

providing a clear basis for the screening of subsequent 

attention interactions. 

Based on the image patch-concept associations marked by 

the adjacency matrix, a sparse semantic attention mask is 

further constructed to achieve precise screening of 

semantically related image regions and attention weight 

allocation. The calculation of attention scores needs to take 

into account both the interactive affinity of image patch 

features and the relevance of knowledge semantics. Its 

mathematical expression is: 

 

αj,l=
exp((WQvj)

┬
(WKvl)/√d)⋅I[path(j,l)]

∑ expN
m=1 ((WQvj)

┬
(WKvm)/√d)⋅I[path(j,m)]

 (4) 

 

where, WQℝ(D×d) and WKℝ(D×d) are the learnable weight 

matrices for the query and key vectors, respectively; d is the 

feature dimension of the attention head, usually satisfying 

D=head×d (where head is the number of attention heads); √d 

is used to alleviate the gradient vanishing problem during the 

attention score calculation process; ℕ[path(j,l)] is an indicator 

function whose value is determined by the semantic 

association relationship between image patche j and l. When 

the two share at least one common strongly associated concept, 

or the shortest path length between their strongly associated 

concepts in the knowledge graph is ≤2, ℕ[path(j,l)] = 1, 

otherwise it is 0. This design fully integrates the topological 

structure of the educational knowledge graph, ensuring that 

only image patches that are semantically directly or indirectly 

associated can perform attention interaction. For example, 

image regions belonging to the same "Mechanics" concept 

group, or regions indirectly associated through concepts such 

as "Fulcrum" and "Lever," effectively excluding interference 

from background noise and irrelevant regions. Meanwhile, the 

computational complexity of attention interaction is reduced 

from O(N²) to O(NK), significantly improving the model 

training and inference efficiency. 

After the attention weight calculation is completed, the 

semantic-enhanced aggregation of image patch features is 

realized through weighted summation, obtaining the 

semantically constrained image patch representation vj'. Its 

calculation method is: 

 

vj
' = ∑ αj,lWV

N

l=1

vl (5) 

 

where, WV  ℝ(D×d) is the learnable weight matrix for the value 

vector, and αj,l is the attention weight of the j-th image patch 

on the l-th image patch. A higher weight indicates a greater 

semantic contribution of that image patch to the current image 

patch. Through the above process, the semantically guided 

sparse graph attention mechanism not only realizes the 

sparsification and semanticization of attention interaction but 

also deeply integrates the structured semantics of the 

knowledge graph into the visual feature aggregation process, 

enabling image patch representations to accurately capture the 

semantic associations and logical relationships of knowledge 

points. The enhanced image patch representations generated 

by this mechanism will serve as the basis for subsequent 

contrastive learning and personalized optimization, providing 

strong support for improving the semantic logic and 

interpretability of multimodal image representations. 

 

2.4 Contrastive learning under relational path constraints 

 

Contrastive learning is a key means to achieve multimodal 

feature alignment and semantic enhancement. Its core lies in 

guiding the model to learn discriminative representations by 

constructing positive and negative sample pairs. Instructional 

images in educational scenarios often contain causal 

associations and partial-order evolutionary relationships 

among multiple knowledge points. Traditional contrastive 

learning methods can only achieve sample-level alignment 

between images and corresponding texts, failing to capture 

such structured semantic relationships. This leads to a lack of 

knowledge logic association in image representations, making 

it difficult to meet the requirements of personalized education 

for knowledge point semantic modeling. To this end, a 

contrastive learning mechanism under relational path 

constraints is constructed, integrating the relational path 

information from the knowledge graph into the design of the 

contrastive learning loss. This enables image representations 

to accurately encode the causal and partial-order relationships 

of educational knowledge points, further enhancing the 

semantic logic and discriminative ability of the representations. 

Figure 3 illustrates the framework diagram of the RPC-

InfoNCE contrastive learning model under relational path 

constraints. 

The accurate acquisition of image global representations 

and text representations is the foundation of contrastive 

learning. It is necessary to construct a unified dimensional 

multimodal representation space based on the semantically 

enhanced image patch representations and knowledge graph 

entity texts mentioned above. For the image patch 

representation processed by the semantically guided sparse 

graph attention mechanism vj', the global average pooling 

operation is adopted to extract the image global representation 

zI. This operation can effectively aggregate the semantic 

information of all knowledge point regions in the image, 

balancing local details and global correlations. Its 

mathematical expression is: 

 

zI=
1

N
∑ vj

'
N

j=1

 (6) 

 

where, N is the number of image patches, and zI  RD is the 

image global representation. For each entity in the knowledge 

graph related to the image e, text fragments such as concept 

definitions and knowledge point descriptions are extracted 

from the textbook, and feature extraction is performed through 

a lightweight text encoder to obtain the entity text 

representation te  RD . This ensures that the text 

representation and the image representation are in the same 

feature space, providing a basis for subsequent contrastive 
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learning. Meanwhile, the relational path set P related to the 

current image is extracted from the knowledge graph. Each 

path corresponds to the causal evolution or partial-order 

relationship of knowledge points. The path length L is set to 3 

to 5 according to the logical complexity of educational 

knowledge to ensure that the path can completely reflect the 

association logic between knowledge points. 

 

 

 
 

Figure 3. Framework diagram of the Relation-Path-Constrained (RPC)- Information Noise-Contrastive Estimation (InfoNCE) 

contrastive learning model under relational path constraints 

 

To enable image representations to encode the relational 

path information in the knowledge graph, a path ranking loss 

is designed. By constraining the similarity relationship 

between the image global representation and the entity text 

representations along the path, explicit encoding of the causal 

and partial-order relationships of knowledge points is achieved. 

The core of the path ranking loss is to force the image 

representation to maintain a higher similarity with the text 

representations of subsequent entities along the path direction, 

thereby restoring the evolution order of knowledge points in 

the representation space. Its mathematical expression is: 

 

𝐿path= 

1

|P|
∑ ∑ (0, sim(zI,tek+1

)-sim(zI,tek
))

L-1

k=1(e1,r1,e2,…,eL)∈P

 
(7) 

 

where, |P| is the number of valid relational paths in the training 

batch; γ is the margin parameter, ranging from 0.1 to 0.3, used 

to control the similarity difference between adjacent entity text 

representations and the image representation on the path, 

avoiding gradient vanishing or training instability; sim uses 

cosine similarity to quantify the semantic matching degree 

between the image global representation and the entity text 

representation. By introducing indicative constraints, this loss 

function produces a positive loss value when the similarity 

between the image representation and the subsequent entity 

text on the path is smaller than that with the preceding entity 

text. This forces the model to adjust parameters and optimize 

the image representation so that it can follow the causal 

evolution logic of knowledge points. 

To ensure the basic alignment capability of multimodal 

features, the standard multimodal contrastive loss is retained, 

working synergistically with the path ranking loss to construct 

the complete total contrastive learning loss. The standard 

multimodal contrastive loss maximizes the similarity of 

positive sample pairs and minimizes the similarity of negative 

sample pairs, achieving sample-level alignment between 

images and corresponding texts. Its mathematical expression 

is: 

 

LCL=-
1

B
∑ log

exp(sim(zIi
,tTi

)/τ)

∑ expB
j=1 (sim(zIi

,tTj
)/τ)

B

i=1

 (8) 

 

where, B is the training batch size, zIi
 is the global 

representation of the i-th image, tTi
 is the representation of its 

corresponding text, and τ  is the temperature parameter, 

ranging from 0.05 to 0.1, used to adjust the concentration of 

the similarity distribution and enhance the discriminative 

effect of contrastive learning. The total contrastive learning 

loss fuses the path ranking loss and the standard contrastive 

loss through the weight parameter λpath, achieving the dual 

goals of basic image-text alignment and knowledge path 

constraints. Its expression is: 

 

Lcontrast=LCL+λpathLpath (9) 

 

where, λpath is the weight coefficient of the path ranking loss, 

ranging from 0.5 to 1.0, used to balance the contributions of 

the two losses. This ensures that the model can not only 

achieve accurate multimodal alignment but also effectively 

encode the relational path information of knowledge points. 

This contrastive learning mechanism deeply integrates the 

structured semantics of the knowledge graph into the 

representation learning process, enabling image 

representations to possess good discriminability while 

accurately capturing the causal and partial-order relationships 

of educational knowledge points, providing a semantic 
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foundation for subsequent personalized representation 

optimization. 

 

2.5 Cognitive state-driven dynamic mask optimization 

 

The core requirement of personalized education is to 

achieve precise adaptation between teaching content and 

students' cognitive levels. Reflected in image representation 

learning, this requires that the same instructional image 

generates differentiated representations for students with 

different levels of knowledge mastery. It should strengthen the 

image regions related to students' knowledge weaknesses 

while suppressing the regions corresponding to knowledge 

points already mastered. To achieve this goal, student 

cognitive state vectors are introduced as prior information into 

the image representation optimization process. A dynamic 

semantic mask mechanism is constructed to realize 

personalized modulation at the attention level, enabling image 

representations to adaptively match students' cognitive 

differences. The cognitive state vector can be output in real-

time by a knowledge tracing model; this paper takes it as 

model input to ensure the timeliness and accuracy of cognitive 

information. Figure 4 presents the computational flow diagram 

of cognitive state-driven dynamic semantic masking and 

personalized feature generation. 

 

 

 
 

Figure 4. Computational flow diagram of cognitive state-driven dynamic semantic masking and personalized feature generation 

 

The student cognitive state vector is used to quantify the 

student's mastery degree of each concept in the knowledge 

graph. It is defined as c[0,1]M, where M is the total number 

of concepts in the knowledge graph, and ci represents the 

probability that the student has mastered the i-th concept ei. A 

value closer to 1 indicates a higher mastery level of the concept, 

while a value closer to 0 indicates that the concept is a 

knowledge weakness for the student. The generation of the 

dynamic semantic mask is based on the activation intensity 

between image patches and concepts, where the activation 

intensity sj,i of image patch j on concept i follows the cosine 

similarity calculated in Section 2.3, which can accurately 

reflect the semantic association degree between the image 

patch and the corresponding concept. Based on this, the 

individual importance weight of the image patch is defined to 

measure the learning value of the image patch for the current 

student. Its mathematical expression is: 

 

wj=σ (∑ sj,i

M

i=1

⋅(1-ci)) (10) 

where, σ (·) is the sigmoid activation function, specifically 

σ(x)=1/1+e-x, used to normalize the weight value to the [0,1] 

interval to achieve a soft mask effect. From a physical 

perspective, if an image patch strongly activates a knowledge 

weakness concept (i.e., sj,i is large and ci is small), then takes 

a larger value (1-ci), causing wj to approach 1, and the semantic 

information of that image patch will be preserved or even 

enhanced. If the image patch activates concepts that the 

student has already mastered, then wj approaches 0, and the 

semantic information of that image patch will be softly 

suppressed. This design not only achieves personalized 

modulation but also avoids training instability and feature 

distortion caused by hard masks through the smoothing 

property of the sigmoid function. 

To further improve training stability and avoid feature 

distortion caused by directly multiplying individual 

importance weights onto image patch features, the weights are 

integrated into the re-weighting process of attention scores, 

realizing the deep fusion of dynamic semantic masks and the 

attention mechanism. The re-weighted attention scores retain 

both the semantic-guided sparse characteristics from Section 
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2.3 and the personalized constraints of the student cognitive 

state. Its mathematical expression is: 

 

α̃j,l=
αj,l⋅√wjwl

∑ αj,m
N
m=1 ⋅√wjwm

 (11) 

 

where, αj,l is the semantically guided sparse attention score 

obtained in Section 2.3, and √wjwm is the geometric mean of 

the individual weights of image patches j and l, used to balance 

the contribution of the two image patches in attention 

interaction. This design allows the model to automatically 

reduce the attention weight from regions already mastered by 

the student during feature aggregation, while increasing the 

weight proportion of regions representing knowledge 

weaknesses, ensuring that the image representation focuses on 

the areas with the most learning value for the current student. 

The introduction of the geometric mean can effectively avoid 

extreme impacts caused by excessively high or low single 

image patch weights, ensuring the stability and rationality of 

the attention aggregation process. 

Based on the re-weighted attention scores, feature 

aggregation is performed to obtain the personalized image 

patch representation. Its calculation method is: 

 

ṽj= ∑ α̃j,l

N

l=1

WVvl (12) 

 

where, WV is the learnable weight matrix for the value vector, 

consistent with Section 2.3, to ensure consistency in the 

feature space. To obtain the global personalized image 

representation adapted to the student's cognitive state, global 

average pooling is performed on all personalized image patch 

representations ṽj  to obtain the global personalized 

representation z̃I. Its expression is: 

 

z̃I=
1

N
∑ ṽj

N

j=1

 (13) 

 

This global representation fully integrates the structured 

semantics of the knowledge graph and the cognitive 

differences of students, accurately matching the knowledge 

mastery levels of different students, providing strong support 

for downstream tasks such as personalized exercise 

recommendation and learning weakness diagnosis. The entire 

dynamic mask optimization process is trained collaboratively 

with other modules of the model, ensuring the precision and 

effectiveness of personalized modulation, and truly realizing 

the personalized adaptation of instructional image 

representations. 

 

2.6 Semantic consistency-driven regularization terms 

 

To effectively prevent the model from overfitting to pseudo-

semantic correlations and enhance the semantic consistency 

and interpretability of image representations, two targeted 

regularization terms are introduced relying on the topological 

structure of the knowledge graph. These terms optimize the 

representation distribution from the dimensions of knowledge 

topology alignment and concept hierarchy modeling, 

respectively. They ensure that the image representations 

learned by the model accurately match the structured 

characteristics and hierarchical logic of educational 

knowledge, collaborating with the semantic constraint and 

personalized optimization modules mentioned above to 

achieve end-to-end joint optimization. 

The core of Graph Laplacian Semantic Consistency 

Regularization is to drive the similarity relationship between 

image patch representations to be consistent with the semantic 

distance of corresponding concepts in the knowledge graph, 

thereby strengthening the semantic rationality of the 

representations. First, the activated concept set corresponding 

to all image patches Cactive is extracted, and an undirected 

graph is constructed with image patches as nodes. The edge 

weights in this graph are determined by the semantic distance 

between the concepts activated by the corresponding image 

patches in the knowledge graph. The edge weight calculation 

adopts an exponential decay function, which can transform the 

semantic distance between concepts into discriminative 

weight values. Its expression is: 

 

Ajl

kg
=exp(-δ⋅dKG(ij,il)) (14) 

 

where, dKG(ij,il) represents the shortest path length between 

the concepts activated by image patches j and l in the 

knowledge graph. If an image patch activates multiple 

concepts, the minimum value among the shortest path lengths 

is selected to ensure that the weight can accurately reflect the 

core semantic association between image patches. δ is the 

scale parameter, ranging from 0.2 to 0.5, used to adjust the 

influence degree of semantic distance on edge weights; the 

larger the δ, the more significant the attenuation effect of 

semantic distance on the weight. Meanwhile, the cosine 

similarity matrix Sjl  between the personalized image patch 

representations ṽj and ṽl is calculated to quantify the semantic 

association degree of the image patch representations. Its 

calculation formula is: 

 

Sjl=
ṽj⋅ṽl

‖ṽj‖‖ṽl‖
 (15) 

 

To achieve low-rank alignment of the two matrices, a Graph 

Laplacian regularization loss is constructed. By minimizing 

this loss, the similarity of image patch representations is forced 

to be consistent with the semantic distance of the knowledge 

graph. Its mathematical expression is: 

 

Llap= ∑ Ajl

kg

j,l

||Sjl-1{j=l}||F
2
 (16) 

 

where, 1{j=l} is an indicator function, which takes the value of 

1 when j = l, otherwise 0; ||·||F2 is the square of the Frobenius 

norm, used to measure the difference between matrices. This 

regularization term can effectively suppress interference 

caused by pseudo-semantic associations, ensuring that 

semantically similar image patch representations have higher 

similarity and improving the semantic consistency of the 

representations. 

Hyperbolic geometric hierarchical constraint is designed for 

the hierarchical characteristics of educational concepts. 

Utilizing the natural advantage of hyperbolic space in 

modeling hierarchical inclusion relationships, it enables image 

representations to accurately match the hierarchical structure 

of knowledge concepts, conforming to educational cognitive 

laws. Educational knowledge concepts have clear hierarchical 

relationships, which are difficult to model effectively using 
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Euclidean space due to their nested containment properties. In 

contrast, hyperbolic space can naturally represent the 

hierarchical distance of concepts through distance differences. 

Therefore, the image global representation and concept 

prototypes are projected into the Poincaré ball hyperbolic 

space. The projection of the image global personalized 

representation z̃I  is achieved through exponential mapping, 

and its expression is: 

 

hI=exp
0
(z̃I)= tanh ( ‖z̃I‖)

z̃I
‖z̃I‖ (17) 

 

where, exp
0
 represents the exponential mapping centered at 

the origin of the hyperbolic space, and the tanh function is 

used to normalize the representation inside the Poincaré ball, 

ensuring that the projected data satisfies the hyperbolic space 

constraints. Similarly, each concept prototype pi is projected 

into the same hyperbolic space via the same exponential 

mapping to obtain the concept prototype hi in hyperbolic space. 

To constrain the distribution of image representations in 

hyperbolic space to conform to the concept hierarchy, a 

hyperbolic geometric hierarchical loss is constructed. It 

requires the hyperbolic distance between the image 

representation and the most specific concept to be minimal, 

and the distance to the upper-level generalized concepts to 

increase hierarchically. Its mathematical expression is: 

 

Lhyp= ∑ 𝑚𝑎𝑥
L-1

k=1

(0,dH(hI,heck+1
)-dH(hI,heck

)+μ) (18) 

 

where, dH(u,v)  is the distance metric in hyperbolic space, 

calculated as: 

 

dH(u,v)=arcosh (1+2
‖u-v‖

2

(1-‖u‖
2
)(1-‖v‖

2
)
) (19) 

 

μ is the margin parameter, ranging from 0.1 to 0.3, used to 

control the constraint strength of the distance difference 

between hierarchies to avoid hierarchy confusion; 

er→ec1→⋯→eleaf is the hierarchical path from the root concept 

to the most specific leaf concept in the knowledge graph, and 

L is the path length. This constraint ensures that the image 

representation can be precisely located at the corresponding 

concept level in hyperbolic space, improving the hierarchical 

modeling capability and interpretability of the representation. 

Combining the contrastive learning loss from the previous 

section, the Graph Laplacian semantic consistency 

regularization loss, and the hyperbolic geometric hierarchical 

constraint loss, the total model loss function is constructed to 

achieve collaborative optimization of each module. Its 

expression is: 

 

Ltotal=Lcontrast+λlapLlap+λhypLhyp (20) 

 

where, λlap  and λhyp  are the weight coefficients of the two 

regularization losses, respectively, both ranging from 0.1 to 

0.3. They are used to balance the contribution of each loss, 

ensuring that the model can effectively improve the semantic 

consistency, hierarchical modeling capability, and 

generalization of the representations while achieving 

multimodal alignment, semantic constraints, and personalized 

adaptation, thereby avoiding overfitting problems. The design 

of the total loss function balances the performance and 

stability of the model, providing a reliable optimization target 

for the end-to-end training of the entire multimodal image 

representation learning framework. 

 

2.7 Training and inference pipeline 

 

The multimodal image representation learning framework 

proposed in this paper adopts an end-to-end training mode. 

The entire architecture is fully differentiable, and the 

parameters of each module are co-optimized to ensure that the 

model can accurately capture knowledge graph semantic 

constraints and student cognitive differences, while balancing 

training stability and representation performance. In the 

training phase, a multimodal dataset containing textbook 

images, corresponding text fragments, and knowledge graph 

triples is used. The text fragments in the dataset are derived 

from textbook knowledge point definitions and exercise stems, 

and the knowledge graph triples cover core concepts and 

association relations in the education field, providing 

sufficient semantic supervision information for the model. 

During the training process, a batch of data is first randomly 

sampled and input into the model. The pre-trained ViT is used 

to extract the initial features of image patches, while a 

lightweight text encoder is used to extract the initial 

representations of text fragments and knowledge concepts. 

Subsequently, the semantically guided sparse graph attention 

mechanism calculates the semantically associated attention 

weights to generate semantically enhanced image patch 

representations. Next, the student cognitive state vector 

obtained offline by the knowledge tracing model is input to 

generate a dynamic semantic mask and re-weight the attention 

weights, yielding personalized image patch representations. 

Finally, the contrastive learning loss, Graph Laplacian 

semantic consistency regularization loss, and hyperbolic 

geometric hierarchical constraint loss are calculated. 

Backpropagation is used to update all learnable parameters of 

the model, realizing the collaborative optimization of each 

module until the model converges. 

The inference phase focuses on the practical application 

requirements of personalized education scenarios. The process 

is concise and efficient, requiring no additional complex 

preprocessing steps. For a new student, their knowledge 

cognitive state vector is first obtained, and this vector is input 

into the trained model together with the instructional image to 

be processed. The model will automatically complete a series 

of operations including image feature extraction, semantic 

constraint enhancement, and personalized mask modulation, 

ultimately outputting the image global personalized 

representation adapted to the student's cognitive level. This 

representation can be directly used in downstream tasks such 

as cross-modal image retrieval, knowledge point clustering, 

personalized exercise recommendation, and visual diagnosis 

of learning weaknesses, providing precise multimodal 

semantic support for personalized education services, fully 

reflecting the engineering practicality and scenario 

adaptability of the model. 

 

 

3. EXPERIMENTAL DESIGN AND RESULT 

ANALYSIS 

 

To comprehensively verify the effectiveness, superiority, 

and robustness of the optimized multimodal image 

representation learning method integrating knowledge graph 
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semantic constraints proposed in this paper, five sets of core 

experiments are designed, covering performance comparison, 

module ablation, parameter sensitivity, visualization analysis, 

and generalization robustness testing. The experiments are 

conducted based on a self-built personalized education 

multimodal dataset and public benchmark datasets. By 

combining quantitative metrics with qualitative analysis, the 

performance of the method in multimodal image 

representation tasks under personalized education scenarios is 

systematically verified. 

 

3.1 Experimental datasets and settings 

 

Two types of datasets are used in the experiments to ensure 

the generality and scenario adaptability of the experimental 

results: 

(1) Self-built Personalized Education Multimodal 

Instructional Image Dataset (PE-MID): Covers three core 

subjects: mathematics, physics, and chemistry. It contains 

32,000 textbook images (including diagrams, experiment 

illustrations, geometric structure charts, etc.), supported by 

19,600 knowledge point texts (concept definitions, exercise 

stems), 8,700 knowledge graph triples (entity-relation-entity), 

and cognitive state labels for 1,200 students (generated by the 

DKVMN knowledge tracing model). The image resolution is 

uniformly adjusted to and divided into training, validation, and 

test sets at a ratio of 8:1:1. 

(2) Public Education Multimodal Benchmark Dataset (ED-

MMD): Selects commonly used public datasets in the 

education field, containing 18,000 instructional images and 

corresponding semantic annotations, used for cross-dataset 

verification of model generalization. 

The experimental environment is based on the Ubuntu 

20.04 system, configured with an NVIDIA RTX 3090 GPU 

(24GB memory) and an Intel Xeon E5-2690 CPU. The 

PyTorch 1.12 framework is used to implement model training 

and inference. Basic model configuration: The visual encoder 

adopts ViT-B/16, with pre-trained weights fine-tuned on 

ImageNet-1K; the text encoder adopts lightweight 

Bidirectional Encoder Representations from Transformers 

(BERT)-base, with the hidden layer dimension unified to 768 

with the visual feature dimension; knowledge graph 

embedding adopts the RotatE method, with an embedding 

dimension of 768. Hyperparameter initialization: The initial 

value of Top-for sparse attention is 4, the contrastive learning 

temperature coefficient τ = 0.07, the path margin γ = 0.2, the 

hyperbolic margin μ = 0.2, and the loss balance coefficients 

are λpath = 0.8, λlap = 0.2, and λhyp = 0.2. During the training 

process, the Adam with Weight Decay (AdamW) optimizer is 

used with an initial learning rate of 1e-4, weight decay of 1e-

5, a batch size of 32, and 100 training epochs. An early 

stopping strategy is adopted (training stops if the validation set 

performance does not improve for 10 consecutive epochs). 

 

3.2 Overall framework performance comparison 

experiment 

 

The quantitative performance of the proposed method and 

all baseline models is compared across three downstream tasks: 

cross-modal image retrieval, instructional image knowledge 

point clustering, and personalized exercise recommendation, 

to verify the superiority of the overall framework proposed in 

this paper. 

The experimental results are shown in Table 1. The 

proposed method achieves optimal performance in all metrics, 

significantly outperforming various baseline models, which 

verifies the effectiveness of the knowledge graph semantic 

constraints and personalized optimization mechanism. 

 

Table 1. Experimental results of overall framework performance comparison (Mean ± Standard deviation) 

 

Model 

Cross-Modal Image Retrieval 
Image Knowledge Point 

Clustering 

Personalized 

Recommendation 

Attention 

Semantic 

Matching Degree 

Recall@1 

(%) 

Recall@3 

(%) 

Recall@5 

(%) 
mAP (%) ACC (%) NMI (%) 

Precision 

(%) 
F1 (%) AME (%) 

Vision Transformer 

(ViT)-B/16 
62.3 ± 1.2 75.8 ± 1.0 81.5 ± 0.8 68.7 ± 1.1 70.2 ± 1.3 65.4 ± 1.2 63.5 ± 1.4 61.8 ± 1.3 28.7 ± 2.1 

Contrastive Language-

Image Pretraining 

(CLIP)-B/16 

68.5 ± 1.0 80.3 ± 0.9 85.7 ± 0.7 74.2 ± 1.0 73.6 ± 1.2 69.8 ± 1.1 67.9 ± 1.2 66.3 ± 1.2 24.5 ± 1.8 

Foundation Language-

And-Vision Alignment 

(FLAVA)-Base 

70.2 ± 0.9 81.7 ± 0.8 86.9 ± 0.6 76.5 ± 0.9 75.1 ± 1.1 71.2 ± 1.0 69.4 ± 1.1 67.8 ± 1.1 22.3 ± 1.7 

Knowledge Graph (KG)-

ViT 
72.1 ± 0.8 83.5 ± 0.7 88.2 ± 0.5 78.3 ± 0.8 76.8 ± 1.0 73.5 ± 0.9 71.2 ± 1.0 69.5 ± 1.0 19.8 ± 1.5 

KE-CLIP 73.8 ± 0.7 84.6 ± 0.6 89.1 ± 0.4 79.6 ± 0.7 77.9 ± 0.9 74.7 ± 0.8 72.5 ± 0.9 70.8 ± 0.9 18.2 ± 1.4 

Graph-ViT 74.5 ± 0.7 85.3 ± 0.6 89.7 ± 0.4 80.2 ± 0.7 78.5 ± 0.9 75.3 ± 0.8 73.1 ± 0.9 71.4 ± 0.9 17.5 ± 1.3 

Educational Vision 

Transformer (EduViT) 
75.2 ± 0.6 86.1 ± 0.5 90.3 ± 0.3 81.1 ± 0.6 79.3 ± 0.8 76.1 ± 0.7 74.2 ± 0.8 72.5 ± 0.8 16.8 ± 1.2 

Educational CLIP 

(EduCLIP) 
76.8 ± 0.6 87.4 ± 0.5 91.5 ± 0.3 82.7 ± 0.6 80.5 ± 0.8 77.4 ± 0.7 75.8 ± 0.8 74.1 ± 0.8 15.3 ± 1.1 

Proposed Method 83.6 ± 0.5* 92.8 ± 0.4* 95.7 ± 0.2* 
88.9 ± 

0.5* 
86.7 ± 0.7* 83.2 ± 0.6* 82.4 ± 0.7* 

80.9 ± 

0.7* 
9.6 ± 0.9* 

Note: * indicates that the difference between the proposed method and the optimal baseline model (Educational Contrastive Language-Image Pretraining (EduCLIP)) 

is statistically significant (p < 0.05) 

 

As can be seen from Table 1, the proposed method 

significantly outperforms the baseline models in all evaluation 

metrics. The specific analysis is as follows: 

In the cross-modal image retrieval task, the Recall@1, 

Recall@5, and Mean Average Precision (mAP) of the 

proposed method reach 83.6%, 95.7%, and 88.9%, 

respectively, which are 6.8, 4.2, and 6.2 percentage points 

higher than those of the optimal baseline Educational 
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Contrastive Language-Image Pretraining (EduCLIP). The core 

reason is that the proposed method filters semantically 

associated regions through the semantically guided sparse 

graph attention mechanism to reduce interference from 

background noise. At the same time, the RPC-InfoNCE loss 

encodes the causal partial-order relationships of knowledge 

points, improving the accuracy of multimodal semantic 

alignment. In contrast, traditional baseline models either lack 

knowledge semantic constraints or only achieve shallow 

image-text matching, making it difficult to capture the 

structured semantics of instructional images. 

In the image knowledge point clustering task, the Accuracy 

(ACC) and Normalized Mutual Information (NMI) of the 

proposed method are 86.7% and 83.2%, respectively, which 

are 6.2 and 5.8 percentage points higher than those of 

EduCLIP. This benefits from the Graph Laplacian semantic 

consistency regularization driving the image patch 

representations to be consistent with the knowledge graph 

semantics, and the hyperbolic geometric hierarchical 

constraint accurately modeling the conceptual hierarchical 

relationships. This makes the representations of images with 

the same type of knowledge points more aggregated and the 

discriminability of representations of different types of 

knowledge points higher. Baseline models do not introduce 

such semantic constraints, so their clustering accuracy is 

limited. 

In the personalized recommendation task, the Precision and 

F1 score of the proposed method reach 82.4% and 80.9%, 

respectively, which are 6.6 and 6.8 percentage points higher 

than those of EduCLIP, showing the most significant 

advantage. The key lies in the fact that the proposed method 

introduces cognitive state-driven dynamic mask optimization, 

which can adaptively modulate the weights of image regions 

according to the student's knowledge mastery level, making 

the representation more suitable for the student's cognitive 

differences. In contrast, baseline models do not consider 

personalized requirements and cannot achieve dynamic 

adaptation of representations. 

In terms of attention semantic matching degree, the 

Attention Mismatch Error (AME) of the proposed method is 

only 9.6%, which is 5.7 percentage points lower than that of 

EduCLIP. This indicates that the semantically guided sparse 

graph attention can accurately focus on regions associated 

with knowledge points, effectively suppress irrelevant 

background noise, and the attention allocation is more 

semantically reasonable. This is also an important support for 

the excellent performance of the proposed method in various 

tasks. 

In summary, the overall performance comparison 

experiment shows that the multimodal image representation 

framework integrating knowledge graph semantic constraints 

and personalized optimization proposed in this paper can 

effectively improve the semantic logic, personalized 

adaptability, and discriminative ability of instructional image 

representations. It is significantly better than existing 

mainstream baseline models and has good performance 

advantages. 

 

3.3 Ablation study of core innovative modules 

 

Ablation experiments were conducted by sequentially 

removing the core innovative modules proposed in this paper 

to quantitatively analyze the contribution rate of each module 

to model performance. Combined with visual attention maps, 

the effectiveness of each module was verified intuitively. 

Based on the overall framework of this paper, five core 

modules were successively removed: Semantically Guided 

Sparse Graph Attention (SGA), RPC-InfoNCE Relational 

Path Contrastive Loss (RPC), Cognitive State Dynamic Mask 

(CSM), Graph Laplacian Semantic Consistency 

Regularization (LAP), and Hyperbolic Geometric Hierarchical 

Constraint (HYP). Five ablation models were obtained, and 

the performance differences between each model and the 

complete proposed method were compared. 

The ablation experimental results are shown in Table 2. The 

removal of any core module led to a decline in model 

performance, with the SGA and RPC modules contributing the 

most, verifying the necessity and effectiveness of each 

innovative module. 

 

 

Table 2. Experimental results of core innovative module ablation (Mean ± Standard deviation) 

 

Model 

Cross-Modal Image 

Retrieval 
Image Knowledge Point Clustering 

Personalized 

Recommendation 

Attention 

Semantic 

Matching Degree 

Recall@5 

(%) 

mean Average 

Precision 

(mAP) (%) 

ACC (%) 
Normalized Mutual 

Information (NMI) (%) 
F1 (%) 

Precision 

(%) 

Attention 

Mismatch Error 

(AME) (%) 

Proposed Method (Full) 95.7 ± 0.2 88.9 ± 0.5 86.7 ± 0.7 83.2 ± 0.6 80.9 ± 0.7 82.4 ± 0.7 9.6 ± 0.9 

Proposed Method (-

Semantically Guided Sparse 

Attention (SGA)) 

89.3 ± 0.4 82.1 ± 0.6 80.1 ± 0.8 76.5 ± 0.7 75.3 ± 0.8 76.8 ± 0.8 16.8 ± 1.2 

Proposed Method (-

Relation-Path-Constrained 

(InfoNCE) (RPC)) 

88.7 ± 0.4 81.5 ± 0.7 79.5 ± 0.8 75.8 ± 0.8 74.8 ± 0.8 76.2 ± 0.8 15.9 ± 1.1 

Proposed Method (-

Cognitive State Dynamic 

Mask (CSM)) 

92.1 ± 0.3 85.7 ± 0.6 84.2 ± 0.7 80.7 ± 0.7 77.2 ± 0.7 78.6 ± 0.7 11.2 ± 1.0 

Proposed Method (-

Laplacian Semantic 

Consistency Regularization 

(LAP)) 

93.5 ± 0.3 86.8 ± 0.6 83.9 ± 0.7 80.2 ± 0.7 78.5 ± 0.7 79.9 ± 0.7 10.8 ± 1.0 

Proposed Method (-

Hyperbolic Geometric 

Hierarchical Constraint 

(HYP)) 

93.2 ± 0.3 86.5 ± 0.6 83.5 ± 0.7 79.8 ± 0.7 78.1 ± 0.7 79.5 ± 0.7 10.5 ± 0.9 
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As can be seen from Table 2, each core module has a 

positive effect on model performance, but the degree of 

contribution varies significantly. Among them, Semantically 

Guided Sparse Graph Attention and RPC-InfoNCE Relational 

Path Contrastive Loss are the most critical for overall 

performance improvement, enhancing the model's semantic 

representation capability from the aspects of key visual region 

selection and knowledge relation modeling, respectively. The 

Cognitive State Dynamic Mask mainly improves the 

personalized adaptation effect, while the Graph Laplacian 

Semantic Consistency Regularization and Hyperbolic 

Geometric Hierarchical Constraint further optimize the 

representation space structure. 

After removing the Semantically Guided Sparse Graph 

Attention, Recall@5, mAP, ACC, and F1 dropped by 6.4, 6.8, 

6.6, and 5.6 percentage points, respectively, and AME 

increased by 7.2 percentage points, indicating that this module 

contributes the most to model performance. SGA can screen 

image regions closely related to teaching content based on 

knowledge semantic relationships, allowing the model to 

focus on effective visual information such as key line 

segments of geometric figures and core components of 

experimental instruments. Without this module, the model's 

attention distribution tends to be scattered, easily activating 

irrelevant background regions, leading to a synchronous 

decline in image-text matching accuracy, attention matching 

degree, and semantic representation quality. 

The RPC-InfoNCE Relational Path Contrastive Loss also 

has a significant impact on model performance. After 

removing RPC, Recall@5, mAP, and ACC dropped by 7.0, 7.4, 

and 7.2 percentage points, respectively, indicating that relying 

solely on shallow image-text alignment makes it difficult to 

fully characterize the knowledge evolution relationships in 

instructional images. RPC introduces causal partial-order and 

path dependencies between knowledge points, enabling cross-

modal representations to not only possess semantic similarity 

but also reflect the progressive logic between concepts. 

Without this constraint, the model struggles to form a high-

level semantic space with clear structure, thereby weakening 

retrieval, classification, and clustering performance. 

The role of CSM is mainly reflected in the personalized 

recommendation task. After removing CSM, F1 and Precision 

dropped by 3.7 and 3.8 percentage points, respectively, a 

decrease larger than in other tasks, indicating that this module 

can effectively support representation adaptation tailored to 

learner differences. CSM dynamically adjusts image region 

weights according to the student's cognitive state, 

strengthening visual semantic information related to weak 

knowledge points. Without this module, the model 

representation tends to be generic and fails to reflect individual 

cognitive differences, resulting in a more significant decline in 

personalized recommendation performance. 

The effects of Graph Laplacian Semantic Consistency 

Regularization and Hyperbolic Geometric Hierarchical 

Constraint are relatively moderate, but both are indispensable 

for optimizing the structure of the representation space. After 

removing LAP and HYP, ACC dropped by 2.8 and 3.2 

percentage points, respectively, and NMI dropped by 3.0 and 

3.4 percentage points, respectively. LAP helps maintain the 

consistency between image patch representations and the 

semantic structure of the knowledge graph, while HYP 

strengthens the modeling of hierarchical relationships among 

educational concepts. Although they do not directly dominate 

performance improvement, they can improve the stability, 

semantic consistency, and clustering separability of the 

representation distribution. 

In summary, the five modules form complementary 

relationships in function. SGA enhances key visual region 

selection capability, RPC strengthens knowledge relation 

modeling, CSM enhances personalized adaptation, and LAP 

and HYP optimize semantic consistency and hierarchical 

structure. The ablation results show that the performance 

advantage of the proposed model does not come from a single 

module but stems from the synergy among visual attention, 

knowledge logic, cognitive adaptation, and structural 

constraints, thereby verifying the effectiveness of the proposed 

multimodal image representation framework in educational 

scenarios. 

 

 
 

Figure 5. Comparison of semantic concept region segmentation and personalized mask effects 
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The purpose of setting up this visualization experiment is to 

verify whether the model can simultaneously achieve 

knowledge point region recognition, irrelevant background 

suppression, and cognitive state-driven personalized 

representation modulation in real instructional images. The 

results in Figure 5 show that after applying knowledge graph 

semantic constraints, the model can stably separate visual 

regions directly related to the lever principle—such as the 

fulcrum, effort arm, and load point—from the complex 

background. Specifically, the fulcrum region is accurately 

located near the tripod bracket and pivot, the effort arm region 

continuously covers the effective acting distance of the lever, 

and the load point region concentrates at the hand position 

applying force at the right end. This indicates a relatively clear 

correspondence between semantic concepts and image patches. 

Further comparing the two types of personalized masks 

reveals that when the student's weak knowledge point is the 

effort arm, the model significantly retains and strengthens the 

effort arm path while reducing the weight of the fulcrum 

region. When the weak knowledge point shifts to the fulcrum, 

the fulcrum region is highlighted and retained, while the 

mastered effort arm region is suppressed. This change 

demonstrates that the cognitive state vector does not merely 

participate in recommendations as an additional label but can 

directly regulate the regional weight distribution in visual 

representations, enabling the same instructional image to 

generate differentiated semantic representations for different 

learners. It can be seen that the proposed method can improve 

the conceptual interpretability of image representations under 

knowledge graph constraints and enhance personalized 

adaptation capabilities through cognitive state modulation. 

This provides a visual representation foundation with greater 

pedagogical semantic consistency for subsequent tasks such as 

weak knowledge point diagnosis, learning resource retrieval, 

and personalized exercise recommendation. 

 

3.4 Key hyperparameter sensitivity experiment 

 

For the key hyperparameters in the proposed method, 

parameter traversal experiments were conducted to analyze the 

impact of parameter value fluctuations on model performance, 

determine the optimal value range for each hyperparameter, 

and provide references for the engineering implementation and 

parameter tuning of the model. Five types of key 

hyperparameters were selected: the Top-K value of sparse 

attention, the contrastive learning temperature coefficient τ, 

the path margin γ, the hyperbolic margin μ, and the loss 

balance coefficients λpath/λlap/λhyp. 

The experimental results of hyperparameter sensitivity are 

shown in Table 3. Using mAP (the core metric for cross-modal 

retrieval) and ACC (the core metric for clustering) as 

evaluation criteria, the influence patterns of each parameter 

were analyzed. 

 

Table 3. Experimental results of key hyperparameter sensitivity (mean average precision (%)/Accuracy (%)) 

 
Hyperparameter Value Experimental Result Hyperparameter Value Experimental Result 

Top-K 

2 84.3/82.1 

τ 

0.03 85.7/83.5 

3 87.6/85.3 0.05 87.2/84.8 

4 88.9/86.7 0.07 88.9/86.7 

5 88.5/86.3 0.09 88.1/85.9 

6 87.8/85.7 0.11 86.5/84.2 

γ 

0.1 86.2/84.5 

μ 

0.1 86.8/84.9 

0.2 88.9/86.7 0.2 88.9/86.7 

0.3 88.2/86.1 0.3 88.3/85.8 

0.4 87.5/85.4 0.4 87.6/85.2 

λpath 

0.4 85.1/83.2 

λlap 

0.1 87.5/85.6 

0.6 87.4/85.5 0.2 88.9/86.7 

0.8 88.9/86.7 0.3 88.2/86.1 

1 88.3/86.2 0.4 87.8/85.7 

λhyp 

0.1 87.2/85.3 

-- -- -- 
0.2 88.9/86.7 

0.3 88.1/85.8 

0.4 87.4/85.2 

As can be seen from Table 3, each key hyperparameter has 

a significant impact on model performance, but the optimal 

intervals are relatively concentrated, indicating that the model 

has good stability in parameter adjustment. Among them, the 

Top-K value of sparse attention, the contrastive learning 

temperature coefficient τ, the path margin γ, the hyperbolic 

margin μ, and the loss balance coefficients jointly determine 

the semantic screening intensity, contrastive learning 

discriminability, and representation space constraint effect. 

For the Top-K value of sparse attention, when the value is 

between 3 and 5, the overall performance of the model is better, 

and the highest mAP and ACC are achieved when Top-K is 4, 

reaching 88.9% and 86.7%, respectively. When Top-K is 2, 

the model only retains a few semantically associated concepts, 

leading to insufficient interaction between image regions and 

knowledge concepts and incomplete representation 

information. As Top-K increases to 6 and above, although the 

model introduces more concept nodes, it includes a certain 

proportion of weakly related or even irrelevant information, 

which weakens the attention focusing ability and brings 

semantic redundancy. Therefore, the reasonable value range 

for Top-K is 3 to 5, and it is recommended to be set to 4. 

The contrastive learning temperature coefficient τ performs 

best at 0.07. When τ is too small, the similarity distribution is 

overly compressed, the differences between samples are 

amplified, and the model easily forms an excessive 

dependence on training samples, thereby increasing the risk of 

overfitting. When τ is too large, the similarity distribution 

tends to be smooth, the discriminability between positive and 

negative samples decreases, and the discriminative constraint 

of contrastive learning is weakened. The experimental results 

show that a τ value between 0.06 and 0.08 can better balance 
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representation aggregation and category separation, among 

which 0.07 is a more robust value. 

The optimal values for both the path margin γ and the 

hyperbolic margin μ are 0.2. γ is used to constrain the 

similarity relationship on the knowledge path. If the value is 

too small, it is difficult to fully reflect the causal partial-order 

between knowledge points; if the value is too large, it will 

cause excessive constraint and affect training stability. μ is 

used to strengthen the concept hierarchy separation in 

hyperbolic space. When it is set to 0.2, the model can better 

maintain the distance relationship between concepts of 

different levels, making the distribution of image 

representations in the hierarchical structure more reasonable. 

Deviating from this value will reduce the model's ability to 

characterize knowledge hierarchies. 

The results of the loss balance coefficients show that the 

model performs optimally when λpath is 0.8, λlap is 0.2, and λhyp 

is 0.2. When λpath is too small, the path contrastive constraint 

is insufficient, and the cross-modal semantic alignment 

capability declines; when it is too large, the proportion of the 

contrastive learning loss is too high, which easily weakens the 

effects of Graph Laplacian regularization and hyperbolic 

hierarchical constraints. λlap and λhyp need to maintain 

moderate intensity. If they are too small, it is difficult to 

effectively optimize the representation distribution; if they are 

too large, excessive regularization is introduced, limiting the 

model's adaptability to complex samples. Therefore, setting 

both to 0.2 can achieve a good balance among semantic 

consistency, hierarchical structure, and generalization ability. 

Overall, the hyperparameter sensitivity experiment verifies 

the stability and adjustability of the proposed method 

regarding major parameters. All key hyperparameters show 

clear performance change trends and relatively definite 

optimal intervals, indicating that the model performance does 

not rely on accidental values but is jointly determined by the 

reasonable balance among semantic screening, contrastive 

constraints, and structural regularization. This result further 

shows that the proposed method has good engineering 

reproducibility and application reliability. 

 

3.5 Cross-subject generalization and few-shot robustness 

experiments 

 

To verify the cross-subject adaptability and few-shot 

robustness of the proposed method, ensuring that the model 

maintains excellent performance under different subject 

scenarios and low-data conditions, thereby enhancing its 

engineering deployment value. Teaching images from three 

subjects—mathematics, physics, and chemistry—were 

selected. The performance of the proposed method was 

compared with that of the optimal baseline model (EduCLIP) 

across these different subject scenarios. The results are shown 

in Figure 6. 

As can be seen from Figure 6, the proposed method achieves 

optimal performance in all three subject scenarios and exhibits 

good performance stability. Among them, the performance in 

Physics is the best (mAP=89.5%, ACC=87.3%), mainly 

because the association between physics experiment 

illustrations and knowledge points is more intuitive, and the 

topological structure of the knowledge graph is clearer. The 

performance in Chemistry is relatively lower but still 

significantly better than the baseline model, as the 

backgrounds of chemistry experiment images are more 

complex and the associations between knowledge points are 

more concealed. Overall, the performance of the proposed 

method in different subject scenarios is superior to that of 

EduCLIP, and the performance differences are small, 

indicating that the model has good cross-subject generalization 

capabilities and can adapt to the processing requirements of 

instructional images across multiple disciplines in 

personalized education. 

By reducing the training set sample ratio (100%, 80%, 60%, 

40%, 20%), the performance changes of the proposed method 

and EduCLIP were tested. The results are shown in Figure 7. 

 

 
 

Figure 6. Cross-subject generalization experimental results (Mean ± Standard deviation) 
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Figure 7. Few-shot robustness experimental results 

 

As can be seen from Figure 7, as the training sample ratio 

decreases, the performance of both models declines, but the 

performance degradation of the proposed method is 

significantly smaller than that of EduCLIP. When the training 

sample ratio drops to 20%, the mAP and ACC of the proposed 

method still reach 74.5% and 72.8%, respectively, which are 

8.7 and 8.6 percentage points higher than those of EduCLIP. 

The core reason lies in the fact that the proposed method 

introduces the structured semantic constraints of the 

knowledge graph, which can effectively utilize domain prior 

knowledge and reduce reliance on training data. In contrast, 

the baseline model relies mainly on data-driven learning, 

making it prone to overfitting under few-shot conditions, 

leading to a significant performance drop. This indicates that 

the proposed method has good few-shot robustness and can 

adapt to the problem of insufficient training data for some 

subjects in personalized education scenarios, thereby 

enhancing the engineering practicality of the model. 

 

 

4. DISCUSSION 

 

The experimental results presented above fully verify the 

effectiveness of the multimodal image representation 

optimization method integrating knowledge graph semantic 

constraints proposed in this paper. Its performance 

improvement stems from the synergistic effect of four core 

technical mechanisms, which compensate for the deficiencies 

of traditional image representation methods in personalized 

education scenarios from different dimensions. The sparse 

graph attention mechanism filters image regions strongly 

correlated with knowledge points through knowledge graph 

semantic guidance, effectively eliminating irrelevant 

background noise. While reducing computational complexity, 

it ensures the semantic specificity of the representations. This 

is also the core reason why the attention semantic matching 

degree of the proposed method is significantly better than that 

of the baseline models; the AME metric decreased by 19.1 

percentage points compared to the traditional ViT, confirming 

the precise regulation effect of this mechanism on attention 

allocation. Relational path contrastive learning encodes the 

causal partial-order relationships of knowledge points into the 

image representations by constructing a path-level contrastive 

loss. This breaks through the limitation of traditional 

contrastive learning, which only achieves shallow image-text 

alignment, enabling the representations to possess stronger 

logical correlation and pushing the mAP of cross-modal 

retrieval to 88.9%. The introduction of cognitive state-driven 

dynamic masking achieves precise matching between 

representations and student cognitive levels. By adaptively 

modulating image region weights, the F1 score of the 

personalized recommendation task reached 80.9%, fully 

reflecting the scene adaptation capability. The hyperbolic-

Laplacian joint regularization optimizes the representation 

distribution from the dimensions of topological alignment and 

hierarchical modeling, ensuring both the consistency between 

image patch representations and knowledge graph semantics, 

and accurately characterizing conceptual hierarchies through 

hyperbolic space, thereby enhancing the interpretability and 

stability of the representations and guaranteeing performance 

improvements in various downstream tasks. The four 

mechanisms collaborate with each other to form a complete 

chain of "semantic screening – logical encoding – personalized 

adaptation – distribution optimization," constructing a 

multimodal image representation system tailored to the needs 

of personalized education. 

Although the proposed method demonstrates excellent 

performance in various experiments, considering the practical 

application requirements of personalized education scenarios, 

there are three limitations that need to be addressed. First, the 

model representation is susceptible to interference from 

instructional images containing complex overlapping 

knowledge points. When multiple highly correlated 

knowledge point regions overlap within an image, the sparse 

graph attention mechanism struggles to accurately distinguish 

the boundaries of each knowledge point, leading to deviations 

in semantic association judgments, which in turn affects cross-

modal alignment and clustering performance. This is also the 

main reason why the model's performance in Chemistry 

scenarios is slightly lower than in Physics. Second, there are 

deficiencies in modeling high-order knowledge relational 

paths. The current model can only effectively encode single-

chain relational paths and finds it difficult to achieve 

comprehensive semantic encoding for complex knowledge 

point relationships involving multiple branches and cross-

associations, leading to a decline in representation accuracy in 

certain complex scenarios. Third, the computational overhead 

of hyperbolic space is relatively high. Compared to Euclidean 

space, the calculation of hyperbolic distance involves inverse 

hyperbolic functions, increasing the model's inference time. 
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Especially in resource-constrained scenarios like mobile 

devices, it is difficult to meet real-time processing 

requirements, limiting the scope of engineering deployment. 

These limitations are closely related to the particularity of 

personalized education scenarios and represent the core 

directions for subsequent optimization. 

Addressing the limitations of the proposed model and 

combining them with the deployment requirements of 

personalized education scenarios, future research will proceed 

in four directions to promote the practicality and performance 

improvement of the method. First, research will be conducted 

on lightweight visual representation deployment schemes. 

Through model pruning, quantization, and knowledge 

distillation techniques, the overhead of hyperbolic space 

computation and sparse attention will be reduced to achieve 

real-time inference on mobile devices, adapting to real-time 

application scenarios such as classroom teaching and online 

Q&A. Second, large models will be introduced to enhance 

knowledge graph semantic modeling. Leveraging the semantic 

understanding capabilities of pre-trained large models in the 

education domain, the relational mining and representation 

learning of knowledge graphs will be optimized to improve the 

encoding accuracy of high-order complex knowledge point 

relationships and solve the problem of representation 

interference from overlapping knowledge points. Third, multi-

scale image feature fusion technology will be explored. 

Combining fine-grained local features with global semantic 

features will enhance the representation capability for complex 

instructional images, further improving the performance of 

knowledge point clustering and cross-modal retrieval. Finally, 

research will be conducted on real-time instructional image 

analysis on the mobile side. End-side applications adapted to 

personalized education will be developed to achieve real-time 

semantic parsing and personalized feedback for instructional 

images, promoting the deep deployment of multimodal image 

representation technology in personalized education scenarios 

and providing more efficient and precise technical support for 

smart education. 

 

 

5. CONCLUSION 

 

Aiming at the core bottlenecks in multimodal representation 

of instructional images within personalized education 

scenarios—such as the lack of high-level semantics, the 

absence of knowledge logic constraints in attention 

mechanisms, and the inability to adapt to student cognitive 

differences—this paper systematically conducts research on 

optimizing multimodal image representation learning. An end-

to-end multimodal image representation framework 

integrating knowledge graph semantic constraints is proposed. 

The core work of this paper revolves around four key 

technological innovations: designing a semantically guided 

sparse graph attention mechanism to achieve precise screening 

and efficient interaction of semantically associated image 

regions, reducing computational complexity while 

strengthening the semantic specificity of representations; 

constructing an RPC-InfoNCE contrastive learning loss to 

explicitly encode the causal partial-order relationships of 

educational knowledge points, enhancing the accuracy of 

multimodal semantic alignment; introducing a cognitive state-

driven dynamic mask optimization strategy to realize the 

personalized adaptation of image representations, fitting the 

knowledge mastery levels of different students; and proposing 

a hyperbolic-Laplacian joint regularization scheme to 

optimize the representation distribution from the dimensions 

of topological alignment and hierarchical modeling, 

enhancing the semantic consistency and interpretability of the 

representations. Multiple sets of experimental results confirm 

that the proposed method significantly outperforms various 

mainstream baseline models in downstream tasks such as 

cross-modal image retrieval, knowledge point clustering, and 

personalized recommendation. Each core innovation module 

contributes significantly, and the model possesses good cross-

disciplinary generalization capabilities and few-shot 

robustness. Visual analysis results further verify its semantic 

focusing and hierarchical modeling capabilities. This research 

breaks through the adaptation limitations of general 

multimodal models in educational scenarios, establishes a 

deep integration paradigm between knowledge graphs and 

visual representation learning, enriches the research ideas for 

domain-specific multimodal representation, and holds 

significant academic value. Meanwhile, the method can 

directly support downstream smart education applications 

such as personalized exercise recommendation and visual 

diagnosis of learning weaknesses, providing reliable technical 

support for the development of personalized education 

towards refinement and intelligence, demonstrating broad 

engineering application prospects. 
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