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To solve the problem of semantic association and syntactic pattern parsing in noun predicate sentences, 

this paper proposed an entity recognition and relationship extraction method based on Transformer ar-

chitecture. This method innovatively integrated three core components: enhancing text understanding 

ability through Similarity Whole Word Masking (Sim WWM) pre training, introducing semantic integrity 

quantification of text semantic coverage defects, and combining multi head semantic integrity mapping 

networks to achieve multi-dimensional complex feature learning. The experiment was based on the 

CoNLL04 dataset containing 1437 sentences and the SciERC dataset with 500 scientific abstracts. MTL-

NER, SPKTE, DRPFF, and other baseline models were used. In entity recognition tasks, the proposed 

method achieved an average accuracy, recall, and F1 score of 90.7%, 91.6%, and 90.6% on the CoNLL04 

dataset, and 69.8%, 70.4%, and 69.8% on the SciERC dataset, respectively; In the relationship extraction 

task, the three indicators on the CoNLL04 dataset were 75.3%, 73.4%, and 73.2%, respectively, and on 

the SciERC dataset were 62.9%, 60.5%, and 61.4%, respectively, all significantly better than the baseline 

model. The ablation experiment verification showed that the introduction of semantic integrity improved 

the model recognition accuracy by 3.9%, which was the core performance gain source. This method can 

effectively handle the problem of confusion between nested entities and entity types, providing an efficient 

technical path for complex semantic relationship parsing. 

Povzetek: Članek predstavlja izboljšano metodo na osnovi Transformerja za prepoznavanje entitet in od-

nosov, ki dosega boljše rezultate od obstoječih pristopov. 

 

1  Introduction 
With the swift advancement of natural language 

processing (NLP) technology, semantic parsing of text 

data has become an important research direction. Among 

various text types, noun predicate sentences have attracted 

much attention due to their central position in information 

expression. Noun predicate sentences usually contain rich 

semantic information and complex grammatical structures, 

which can accurately describe the relationships between 

entities and the logic of events [1-2]. However, due to the 

complexity of its structure and the diversity of its 

semantics, automatically parsing the semantic 

associations and grammatical patterns of noun predicate 

sentences remains a challenging problem. In practical 

applications, accurate semantic association and syntactic 

pattern parsing are crucial for tasks such as information 

retrieval, knowledge graph (KG) construction, and 

machine translation. For example, in the field of medicine, 

accurately parsing noun predicate sentences in medical 

record texts can provide important support for disease 

diagnosis and treatment plan formulation. In the field of 

law, analyzing semantic relationships in legal texts helps 

to understand and apply legal provisions [3-4]. The existing 

semantic association and automatic parsing of grammar  

 

patterns mainly include two major tasks: named entity 

recognition and relation extraction. Entity recognition 

provides structured semantic information for text, which  

is helpful for further semantic analysis and understanding. 

Meanwhile, the recognized entities can serve as anchor 

points for syntax analysis, helping to parse sentence 

structures. Sentence relation extraction can reveal the 

semantic connections between entities, thereby enhancing 

the understanding of the overall semantics of the text. 

However, traditional parsing approaches often have 

limitations in dealing with complex semantic and syntactic 

structures, especially when facing problems such as nested 

entities and entity type confusion. The accuracy and 

robustness of traditional approaches are difficult to meet 

practical needs. 

Extracting statement entity relationships (ERs) helps 

improve machines' semantic parsing and understanding 

capabilities for text. By identifying the relationships 

between entities, machines can better understand the deep 

meaning of text. Chen H et al. Introduced an approach 

based on heterogeneous graph attention network for 

extracting dialogue relationships. This approach simulates 

cross sentence relationships in conversations and utilizes 

heterogeneous graph attention networks to simulate 

various types of features in conversations. Through 
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experiment, it is evident that the F1 score and F1_c score 

of this approach were superior to the state-of-the-art 

approach [5]. Suo et al. introduced a novel fragment 

annotation approach for complex problems in entity 

extraction tasks. Based on conventional fragment 

annotation, this approach combines pointer annotation 

approach to design an annotation approach of “traversal 

enumeration+group mapping”, and based on this, a entity 

extraction model based on span extraction is designed. 

The F1 score of the model was significantly improved 

compared to the baseline model [6]. Han and Jia introduced 

an improved ER extraction approach based on the 

Bidirectional Encoder Representation from Transformers 

(BERT) algorithm to address the issue of insufficient 

coverage of large-scale manufacturing knowledge data in 

existing joint extraction approaches for knowledge data 

ERs. This approach treats the extraction of quantitative 

knowledge as the extraction of manufacturing entity 

attributes by constructing a KG, thereby achieving the 

joint extraction of knowledge reasoning and data ERs. The 

findings revealed that the KG generated by this approach 

had good expressive ability and strong logical reasoning 

ability, and the required running time was only 12 seconds 
[7]. Wang et al. introduced a comprehensive prediction 

network approach that includes multi-feature semantic 

fusion to address the issues of breadth expansion and 

information redundancy in ER extraction. This approach 

integrates entity mask embedding sequence and context 

embedding sequence to enhance interaction between 

triplets and expand semantic encoding. The findings 

demonstrated that the model outperformed the baseline 

model in regard to accuracy and F1 score on public 

datasets [8]. 

The advancement of deep learning technology has opened 

up fresh avenues for NLP. Transformer architecture and its 

variants perform well in processing natural language tasks, 

effectively capturing long-distance dependencies and 

contextual information in text. Khan A et al. introduced a 

hybrid visual transformer to address the limitations of 

visual transformers in terms of generalization ability. This 

approach combines convolution operations and self 

attention mechanisms to utilize local and global image 

representations. The hybrid vision Transformer achieved 

significant results in a range of computer vision tasks [9]. 

Feng K et al. developed a Transformer-based editing 

approach for shape aware objects in high-resolution 

images. This approach utilizes a diffusion Transformer to 

capture long-range dependencies between patches and 

uses a diffusion probability model solver inversion 

algorithm to reduce the number of steps. This approach 

surpassed existing frameworks in generating higher 

quality edited images [10]. Yeh et al. developed a new 

visualization approach for understanding the internal 

operation of self attention mechanism in Transformer 

models. This approach analyzes global patterns in multiple 

input sequences through visual queries and joint 

embedding of keyword vectors. This approach could 

improve model understanding and provide new insights 

into query key interactions [11]. He et al. introduced a 

segmentation approach based on an efficient hierarchical 

hybrid visual transformer to address the weak modeling of 

long-range dependencies in convolutional neural networks 

(CNNs) for medical image segmentation. This approach 

integrates the advantages of CNNs, multi-scale channel 

attention, and transformers, establishing long-range 

dependencies between pixels through self attention. This 

approach outperformed existing approaches in learning 

image segmentation tasks, and significantly reduced 

inference time [12]. The literature review summary is 

shown in Table 1. 

 

Table 1: The literature review summary 

 

Literature Method 
Key performance 

indicators 
Limitation 

[5] Heterogeneous Graph Attention Network 

The F1 score and F1_c 

score were better than 

the state-of-the-art 

methods at that time 

Only applicable to dialogue 

scenarios, unknown 

generalization ability 

[6] 

Traditional fragment annotation+pointer 

annotation+”traversal 

enumeration+group mapping” annotation 

strategy+span extraction model 

F1 score significantly 

improved compared to 

baseline model 

Focusing on a single entity 

extraction task, without 

involving relationship 

extraction; Dependency on 

custom annotation strategy 

[7] 
Improved BERT algorithm+KG 

construction 

Good KG expression 

ability and logical 

reasoning ability; 

Running time is only 

12 seconds 

Limited to the manufacturing 

industry, with poor universality 

[8] 
Multi feature semantic fusion+entity 

mask embedding+context embedding 

Accuracy and F1 score 

are better than the 

baseline model 

Optimization of complex 

grammatical structures for noun 

predicate sentences 

[9] 
Hybrid Visual Transformer 

(Convolution+Self Attention Mechanism) 

Achieve significant 

results in multiple 

visual tasks 

Hybrid architecture increases 

model complexity and reduces 

computational efficiency 

[10] Diffusion Transformer+Diffusion Generate and edit Relying on the diffusion 
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Probability Model Solver Inverse 

Algorithm 

images with better 

quality than existing 

frameworks 

probability model solver, 

although reducing the number 

of steps, there is still a problem 

of slow inference speed and 

high deployment cost 

[11] 
Visual query+keyword vector joint 

embedding 

Enhance 

understanding of 

Transformer attention 

mechanism 

Only a theoretical analysis tool, 

without proposing substantial 

task performance optimization 

solutions, insufficient 

adaptability to complex long 

texts 

[12] 

Efficient Hierarchical Hybrid Visual 

Transformer (integrating CNN, multi-

scale channel attention Transformer） 

The segmentation 

performance is 

superior to existing 

methods; Significant 

reduction in inference 

time 

Multi module fusion leads to a 

large scale of model parameters 

and requires high 

computational power for 

deploying hardware 

 

In summary, although the current model has markedly 

enhanced the efficacy of various NLP tasks, it still faces 

some challenges in handling semantic associations and 

grammatical patterns of noun predicate sentences. There 

are still three major difficulties in parsing noun predicate 

sentences: difficulty in segmenting the boundaries of 

multi-layer nested entities (such as “Artificial Intelligence 

Laboratory of XX University School of Computer 

Science”); The same word (“contract”) drifts in different 

scenarios and lacks global semantic validation; The 

implicit relationship (“drug hypertension” treatment) and 

overlapping triplet (“doctor patient drug”) are frequently 

missed or misjudged due to the lack of semantic integrity 

modeling, directly reducing accuracy and cross domain 

generalization. The root cause of the failure of existing 

methods is that pre trained models only perform local 

associations and lack self checking of whether the 

semantic framework is complete, resulting in missed 

detection of nested attributes and implicit elements; Rules 

or classic multitasking systems rely on fixed 

templates/single features to cope with multiple nested 

layers, resulting in weak structural adaptability; Domain 

customization solutions rely on manual knowledge 

injection and can only maintain a single scenario, without 

feeling the cross domain rules of generic noun predicate 

sentences, and still face difficulties in type confusion and 

transfer. The research zeroes in on three key challenges: 

(1) Accurately Segmenting Nested Entity Levels: It 

explores how to achieve this by leveraging semantic 

integrity mechanisms. (2) Eliminating Type Confusion: 

The study addresses how to overcome this issue through 

multidimensional semantic mapping. (3) Injecting 

Integrity Signals into Transformers: It investigates how to 

incorporate these signals to simultaneously enhance the 

accuracy of extracting implicit/overlapping relationships 

and improve cross-domain generalization capabilities. 

Therefore, to tackle the above issues, a Transformer 

architecture-based approach for automatically parsing 

semantic associations and grammatical patterns of noun 

predicate sentences is introduced. The novelty of the study 

consists in the introduction of semantic completeness and 

multi head semantic completeness mapping networks, 

which significantly enhance the model's ability to process 

complex text data. Secondly, Similarity Whole Word 

Masking (Sim-WWM) is introduced to improve the 

model's ability to understand text. The research not only 

provides a new technological path for semantic parsing of 

noun predicate sentences, but also provides useful 

references for further development in the field of NLP. 

2 Methods and materials 
One of the important research directions in the field of 

NLP is the semantic association and grammatical pattern 

parsing of noun predicate sentences. Therefore, to achieve 

semantic association and grammatical pattern parsing of 

noun predicate sentences, the study introduces a sentence 

analysis approach based on Transformer and BERT. This 

approach first identifies the entities of the statement to 

accurately represent the associated information of the 

statement. Next, based on the recognition of the associated 

information mentioned above, relationships are extracted 

to achieve the parsing of semantic associations and 

grammatical patterns in sentences. 

 

2.1 Semantic association subject recognition 

approach based on Transformer and 

semantic completeness 
Before performing automatic parsing of semantic 

associations and grammatical patterns in noun predicate 

sentences, it is necessary to first identify the semantic 

association subject, that is, the entity, of the sentence in 

order to accurately express the association information of 

the sentence. Named entity recognition refers to 

identifying entities with specific meanings from text, 

which is one of the fundamental tasks of semantic 

association and syntactic pattern parsing. Identifying 

named entities in the text enables a clearer comprehension 

of its semantic content and facilitates the determination of 

the grammatical roles of each component within the 

sentence. In entity recognition, to achieve entity 

disambiguation and context association, it is necessary to 

calculate semantic similarity. The current semantic 

similarity is generally represented by cosine similarity. 

The calculation of semantic similarity is presented in 



270 Informatica 50 (2026) 267–282 B. Yan 

 

equation (1). 

1

2 2

1 1

cos( )

( ) ( )

n

i i
i

n n

i i
i i

A BA B
s

A B
A B

 =

= =


= = =

 

(1) 

In equation (1), s   represents semantic similarity.  

represents the vector angle. A  and B  represent different 

vectors.
iA   and 

iB   represent the components of vectors 

A   and B   in the i  th dimension. n   represents the vector 

dimension. However, relying solely on semantic similarity 

is not enough to reflect the semantic differences between 

different sentences. For example, multiple vectors in two-

dimensional space can form the same angle with the same 

vector. The generatrix of a cone in three-dimensional 

space is similar to the cosine of its axis, but at different 

positions [13-15]. Therefore, to address the 

aforementioned issues, the study introduces semantic 

completeness. In the d-dimensional text vector space, 

semantic integrity quantifies the semantic differences 

between the original text vector and the masked text vector 

through a mapping function, measuring the degree of 

coverage of the target semantic framework core elements 

by the text. The range of values is [0,1], with closer values 

to 1 indicating more complete semantics. The multi head 

semantic integrity mapping network has four independent 

heads that focus on entity attributes, event elements, 

logical relationships, and contextual dimensions; The 

output features of each head are horizontally concatenated 

and fused into a unified semantic integrity vector through 

linear mapping, achieving multi-dimensional feature 

complementarity. Unlike the multi head attention 

mechanism, semantic integrity focuses on “semantic 

coverage evaluation”, quantifying the degree of complete 

expression of specific semantic concepts in the current 

text fragment by comparing the representation differences 

between the original text and the masked text. Continuing 

with the above example, semantic integrity will 

automatically detect the coverage of the semantic 

framework of “doctor (subject) - basis (CT report) - 

diagnosis (action) - lung cancer (object)”. If the sentence 

is missing the “CT report”, it will significantly reduce the 

semantic integrity score, thereby assisting the model in 

identifying nested or hidden entities. The expression for 

semantic completeness is presented in equation (2). 

( ),m

cS M t t= (2) 

In equation (2), 
cS   represents semantic 

completeness. M   represents the mapping function.
mt   is 

the masked text representation vector. t  is the original text 

representation vector. After constructing the above 

concepts, statement entity recognition can be carried out. 

The selected entity recognition approach for research is 

based on fragment arrangement, which utilizes 

Transformer architecture for context representation and 

achieves named entity recognition by identifying and 

classifying fragments in text. The entity recognition model 

based on fragment arrangement is presented in Figure 1. 

John

and

Mary

are

friends

Pre training 

Transformer 

Encoder(6 layer)

e1

e2

e3

e4

e5

c
E c w Entity classifier

Size embedding

Entity
Maxpool

Embeddings

Classify

Input sequence: 

max 512 token

Single fragment 

length 1-10 tokens

 
 

Figure 1: Entity recognition model based on fragment arrangement(Source: Author's own drawing) 

 

As shown in Figure 1, the model first extracts all 

possible fragments from the text and generates a vector 

representation for each fragment. Next, it determines 

whether each fragment is a named entity. At this point, if 

multiple segments overlap and are recognized as entities, 

it is necessary to merge the relevant segments [16-17]. When 

using the above approach for entity recognition, 

considering the richness of feature representation, the 

study introduces span embedding. The vector calculation 

formula for entity classification after introducing span 

embedding is presented in equation (3). 

( )ex e s w= (3) 

In equation (3), 
ex   represents the vector used for 

entity classification. ( )e s   represents a vector. w  

represents word embeddings. Although the above 

approaches can achieve recognition of sentence entities, 

the noise problem in fragment classification is relatively 

serious. Therefore, to address this issue, the study 

introduces the aforementioned semantic completeness into 

entity recognition models. The improved entity 

recognition model is presented in Figure 2. 
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Figure 2: Improved entity recognition model(Source: Author's own drawing) 

 

As shown in Figure 2, compared to the original entity 

recognition model based on fragment arrangement, the 

improved entity recognition model introduces Sim-WWM 

and semantic completeness, where Sim-WWM is used for 

pre training the Transformer. Meanwhile, by copying the 

word embedding sequence and masking the current 

subsequence, a masking sequence is obtained. Next, the 

original text sequence and the masked sequence are 

averaged to fuse the original information and partially 

masked information. Next, fusion vectors are used to 

calculate text similarity and evaluate the similarity of text 

content. Then, the fused vector is transformed through 

linear mapping and fused with other vectors. Finally, 

semantic completeness can be obtained through nonlinear 

mapping using a Feedforward Neural Network (FNN). 

The standard masking mechanism (such as BERT's MLM 

and WWM) has two major limitations: First, the masking 

strategy is randomized and does not consider the semantic 

relevance of the text, which may damage the entity 

integrity of noun predicate sentences (such as random 

masking of entity core words leading to semantic 

fragmentation); Secondly, it is difficult to capture the 

global semantic framework of “entity attribute 

relationship” in noun predicate sentences by only learning 

local semantics through a single masking method. Unlike 

the standard masking mechanism, Sim WM uses a 

“semantic similarity-guided masking strategy” to 

construct more targeted counterfactual samples while 

preserving the core semantic structure of the sentence, 

which helps the model learn semantic integrity. 

Specifically, the semantic core of noun predicate sentences 

relies on entities and their associated relationships. Sim 

WWM prioritizes masking non-core semantic words 

while preserving entities and key relationship words, 

creating semantic differences to train the model's integrity 

awareness ability. This approach avoids semantic 

framework collapse caused by masking core entities, 

thereby more accurately assisting in semantic integrity 

assessment. Moreover, Sim WM is not only applicable to 

noun predicate sentences, its core design logic is a 

“masking strategy guided by semantic similarity”, which 

has cross sentence and cross domain universality. The 

calculation formula for the fused text representation vector 

is presented in equation (4). 

| |m mr t t t t= − (4) 

In equation (4), r   represents the fused text 

representation vector. At this point, the entity 

classification calculation formula is presented in equation 

(5). 

( )( )

( )

e e e e

e

y softmax W t c w M b
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

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=

(5) 

In equation (5), ey   represents the entity 

classification result. 
eW  represents the weight matrix. c  

represents the overall representation vector of the text 

sequence. 
eM   represents the text representation vector 

after linear mapping. 
eb  represents the boundary label. To 

use the linearly mapped text representation vector to 

represent semantic completeness, it is necessary to ensure 

that the number of layers in the FNN is not zero. At this 

point, the formula for calculating the text representation 

vector after linear mapping is presented in equation (6). 

( )( )e LM Linear f o= (6) 

In equation (6), Lf   represents FNN. L   represents 

the number of layers in FNN. Due to the possibility of 

information loss caused by a single feedforward network, 

a multi-head semantic completeness mapping network is 

introduced to address the aforementioned issues. The 

multi-head semantic completeness mapping network is 

presented in Figure 3. 
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Figure 3: Multi-head semantic completeness mapping 

network (Source: Authors own drawing) 

 

In Figure 3, the multi-head semantic completeness 

mapping network can utilize multiple FNNs to map input 

vectors to different feature spaces, each of which focuses 
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on capturing different aspects or levels of semantic 

information in the input data. Due to the ability of this 

network to map vectors into representation vectors of 

different levels, there are differences in the vector 

structure in each path. By using the above approach, entity 

recognition of noun predicate sentences can be achieved 

for the purpose of extracting sentence relationships in the 

future. 

 

2.2 approach for extracting sentence 

relationships considering text dependencies 
After identifying the entities of noun predicate sentences 

using the above approach, the sentence relationships can 

be extracted. RE holds a pivotal position in semantic 

association and automatic parsing of grammar patterns. It 

not only helps to better understand the semantic structure 

of text, but also provides important clues and basis for 

grammar analysis. The purpose of RE is to identify entity 

pairs with specific semantic relationships in text, but 

traditional RE approaches rely on entity positional 

relationships, resulting in lower accuracy in relationship 

recognition [18-19]. Therefore, to address the 

aforementioned issues, the study introduces semantic 

completeness into the RE model and designs a new 

sentence partitioning scheme. The sentence partitioning 

scheme is presented in Figure 4. 
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Figure 4: Statement division scheme (Source: Authors own drawing) 

 

As shown in Figure 4, the sentence partitioning scheme 

designed in the study takes entity pairs as boundaries and 

divides the remaining words into words between entity 

pairs and other words. At this point, cover up non entity 

words and determine the importance of words in different 

positions to the sentence based on their similarity changes. 

Finally, the semantic completeness vector can be obtained 

through nonlinear mapping processing. After introducing 

the above concepts, the sentence RE model is presented in 

Figure 5. 
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Figure 5: Sentence RE model (Source: Authors own drawing) 

 

As shown in Figure 5, after receiving the text sequence, 

the model will generate embedding representations for 

each word through a pre trained Transformer encoder. 

Next, the entity classifier in the model is used to identify 

entities in the text, and all entities are used as nodes to 

construct a bidirectional fully connected graph [20-21]. Then, 

the model calculates the semantic completeness 

representation vector when covering different entities. 

Finally, a relationship classifier is employed to identify the 

relationships between entities. The calculation formula for 

a bidirectional fully connected graph is presented in 

equation (7). 
( ) 112 1 2,1 2 1, , ; , , ; , ,

n nn n n nU r r r r r r
−

= (7) 

In equation (7), 
nU   represents a bidirectional fully 

connected graph of relationships.
( )1n n

r
−

  represents the 

relationship between entity n   and entity 1n−  . The 

formula for calculating the relationship representation 

vector of entities is presented in equation (8). 
ni n n i i nix E w E w R= (8) 

In equation (8), 
nix  represents the relationship vector 

between different entities. 
nE   and 

iE   represent word 

embedding vectors. 
nw   and 

iw   are span embeddings. 
niR   represents the relationship dependency vector 

between different entities. Due to the division of the text 

in the study, the formula for calculating the relationship 

dependency vector can be rewritten as equation (9). 

( ),i oR f T T= (9) 
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In equation (9), R   represents the relationship 

dependency vector.
iT   represents vocabulary between 

entities.
oT  represents the vocabulary on both sides of the 

entity. Based on this, the details of the sentence RE model 

are presented in Figure 6. 
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Figure 6: Details of the statement RE model(Source: Author's own drawing) 

 

As shown in Figure 6, after inputting text, the model 

first converts the text into a sequence of word embeddings 

and divides the sentences according to the partitioning 

scheme. Next, the model processes the word embedding 

vectors through masking and replication mechanisms, and 

averages and pools the masked embedding sequence to 

obtain a comprehensive representation. Then, FNN is used 

to extract features from the average pooled vector. Next, 

the output of FNN is fed into the linear layer to generate 

the final relationship representation vector. Finally, a 

relationship classifier is used to identify the relationship 

representation vectors. The calculation formula for the 

pooled text representation vector is presented in equation 

(10). 
1 2

1 2( )o i ou avepooling T E T E T= (10) 

In equation (10), u   represents the average pooled 

text representation vector. The masked text representation 

vector is presented in equation (11). 
1 2

1 2( )masko ov avepooling T E T E T= (11) 

In equation (11), v   represents the masked text 

representation vector. 
maskT  represents an all zero vector. 

The semantic completeness representation vector can be 

obtained by calculating the difference between the pooled 

and masked text representation vectors. The formula for 

calculating the semantic completeness representation 

vector is presented in equation (12). 

( )( | |)r L

cS Linear f u v u v= − (12) 

In equation (12), r

cS   represents the semantic 

completeness representation vector. At this point, the 

formula for calculating the relationship dependency vector 

can be rewritten as equation (13). 

( , ) ( , , )i o i o r

cR f T T Linear T T S= = (13) 

The fusion of statement information and semantic 

completeness vector can be achieved through a fully 

connected layer, thereby enabling the semantic 

completeness representation vector to affect each 

statement element [22]. By using the above approaches, the 

model can learn more complex features, thereby 

improving the accuracy of sentence relation extraction. 

The calculation formula for the relationship classifier of 

the model is presented in equation (14). 

( )( ) rnni n i irr softmax W E w E w R b=  + (14) 

In equation (14), 
nir   represents the classification 

result. 
rW   represents the weight matrix. 

rb   represents 

the boundary label of the relationship. Meanwhile, to 

further improve the accuracy of RE in the model, the study 

also introduces a negative sample mechanism, which 

constructs negative samples outside the labeled positive 

samples to help the model learn more features and patterns, 

and improve its generalization ability on unseen data. By 

using the above approaches, it is possible to extract 

sentence relationships, reveal semantic connections 

between different sentences in the text, and construct the 

discourse structure of the text to better understand the 

organization of the text, thereby achieving automatic 

parsing of semantic associations and grammatical patterns. 

3 Results 

3.1 Entity recognition test results 
To validate the performance of the introduced entity 

recognition model, it was tested and compared with the 

Mixed Transfer Learning Named Entity Recognition 

(MTL-NER) model and the Entity Recognition model 

based on Semantic Prior Knowledge and Type Embedding 

(SPKTE). The CPU used in the experiment was Intel core 

i7 4770K, and the GPU was NVIDIA GeForce RTX 4050. 

The datasets used in the experiment were CoNLL04 

dataset and SciERC dataset, where CoNLL04 dataset 

contained 1437 sentences and SciERC dataset contained 

500 scientific abstracts. In the experiment, the learning 

rate and maximum gradient norm of the model were 

0.00005 and 1.0.The span embedding size and maximum 

negative sample size were 25 and 100. The Batchsize, 

maximum fragment span, and semantic completeness 

embedding sizes were 2, 10, and 25. The model training 

cycle (Epoch) was 30 rounds, and an early stopping 

strategy (Early Stopping) was adopted to prevent 

overfitting. When the F1 score of the validation set did not 

improve for 5 consecutive rounds, the training was 

automatically terminated and the optimal model weights 

are saved. The experiment adopted a binary segmentation 

strategy of “development set test set”, with the dataset 

divided in a 7:3 ratio and the development set split from 

the training set in a 10% ratio for hyperparameter tuning 

and early stop judgment. The study set fixed random seeds 

(Python random seed=42, PyTorch random seed=42, 
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NumPy random seed=42) to ensure that the results of data 

partitioning, model initialization, masking strategy, and 

other steps are reproducible. The model used the AdamW 

optimizer with a weight decay set to 0.01, 1 =0.9， 2

=0.999，   =1e-8; The learning rate scheduling strategy 

adopted linear preheating+cosine annealing, with 3 

preheating rounds and an initial learning rate of 0.00005. 

The loss function adopted a cross entropy loss function 

with category balanced weights. The baseline model 

referred to the network structure and hyperparameter 

configuration of the original paper, and was autonomously 

re-implemented based on PyTorch to ensure consistency 

with the training environment (hardware, optimizer) of the 

model in this paper. The impact of learning rate and 

iteration times on model performance is presented in 

Figure 7. 
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Figure 7: Influence of learning rate and iteration times on model performance (Source: Authors own drawing) 

 

According to Figure 7 (a), as the learning rate increased, 

the accuracy, recall, and F1 score all first increased and 

then decreased. When the learning rate was 0.00005, the 

performance of the model reached its optimal level. At this 

point, the accuracy, recall, and F1 score of the model were 

68.6%, 68.7%, and 68.6%. As shown in Figure 7 (b), with 

the increase of iteration times, the accuracy and recall of 

the model first increased and then decreasde, while F1 

score first decreased and then increased. After 

comprehensive consideration, the performance of the 

model was considered optimal when the number of 

iterations was 20. At this point, the accuracy, recall, and 

F1 score of the model were 68.4%, 68.5%, and 68.4%. The 

performance of the model was optimal when the learning 

rate and iteration times were 0.00005 and 20. The 

accuracy of entity recognition in different datasets is 

presented in Figure 8. 

87

88

89

90

91

92

50 100 150 200 250 300 350 400

P
re

c
is

io
n

/%

Number of samples

MTL-NER SPKTE Ours

64

65

66

67

68

69

70

71

50 100 150 200 250 300 350 400

P
re

c
is

io
n

/%

Number of samples

MTL-NER SPKTE Ours

(a) CoNLL04 dataset (b) SciERC dataset

*
*

*

*
*

*
*

* * *
*

*

*

 
Note: * indicates p<0.05. 

Figure 8: Entity recognition accuracy in different data sets (Source: Authors own drawing) 

 

According to Figure 8 (a), in the CoNLL04 dataset, the 

recognition accuracies of MTL-NER and SPKTE were the 

highest at 88.6% and 89.2%, and the lowest at 87.2% and 

88.2%. The average accuracies were 87.9% and 88.7%. 

The lowest accuracy of the entity recognition model 

introduced in the study was 90.2% (p<0.05), with an 

average accuracy of 90.7% (p<0.05), which was higher 

than other approaches. According to Figure 8 (b), in the 

SciERC dataset, the recognition accuracies of MTL-NER 

and SPKTE were the highest at 66.7% and 68.9%, and the 

lowest at 65.2% and 67.4%. The average accuracies were 

66.0% and 68.2%. The lowest accuracy of the entity 

recognition model introduced in the study was 69.0% 

(p<0.05), with an average accuracy of 69.8% (p<0.05), 

which was higher than other approaches. The introduced 

entity recognition approach could achieve accurate 

recognition of named entities. The recall rates in different 

datasets are presented in Figure 9. 
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Figure 9: Recall rates in different data sets (Source: Authors own drawing) 

 

According to Figure 9 (a), in the CoNLL04 dataset, the 

recall rates of MTL-NER and SPKTE were the highest at 

88.3% and 89.4%, respectively, and the lowest at 87.2% 

and 88.1%. The average recall rates were 87.8% and 

88.7%. The lowest recall rate of the entity recognition 

model introduced in the study was 91.0% (p<0.05), with 

an average recall rate of 91.6% (p<0.05), which was 

higher than other approaches. According to Figure 9 (b), 

in the SciERC dataset, the recall rates of MTL-NER and 

SPKTE were the highest at 67.9% and 69.8%, and the 

lowest at 66.5% and 68.5%. The average recall rates were 

67.3% and 69.2%. The lowest recall rate of the entity 

recognition model introduced in the study was 69.7% 

(p<0.05), with an average recall rate of 70.4% (p<0.05), 

which was higher than other approaches. It can be 

concluded that the entity recognition model introduced in 

the study had good generalization ability. The F1 score in 

different datasets is presented in Figure 10. 
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Figure 10: F1 score in different data sets (Source: Authors own drawing) 

 

As shown in Figure 10 (a), in the CoNLL04 dataset, the 

F1 scores of MTL-NER and SPKTE were the highest at 

87.1% and 88.3%, and the lowest at 86.1% and 87.2%. 

The average F1 scores were 86.6% and 87.7%. The lowest 

F1 score of the entity recognition model introduced in the 

study was 90.1%, with an average F1 score of 90.6% 

(p<0.05), which was higher than other approaches. 

According to Figure 10 (b), in the SciERC dataset, the F1 

scores of MTL-NER and SPKTE were the highest at 66.9% 

and 68.2%, and the lowest at 66.1% and 67.1%. The 

average F1 scores were 66.5% and 67.6%. The lowest F1 

score of the entity recognition model introduced in the 

study was 69.2%, with an average F1 score of 69.8% 

(p<0.05), which was higher than other approaches. With 

the above outcomes, it can be concluded that the entity 

recognition model introduced in the study had good 

robustness. The ablation experiment results of the model 

are presented in Table 2. 

 

Table 2: Results of ablation experiments 

 

Model 
Multiple 

mechanisms 
FNN 

Semantic 

completeness 
Precision/% 

1 × × × 82.3 

2 √ × × 84.4 

3 × √ × 83.8 

4 × × √ 86.2 

5 √ √ × 87.6 

6 √ × √ 88.9 

7 × √ √ 89.3 

8 √ √ √ 90.7 
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According to Table 2, after introducing the multi-head 

mechanism, FNN, and semantic completeness, the 

recognition accuracy of the model significantly increased 

from 82.3% to 90.7%. Among them, semantic 

completeness had the most significant impact on model 

performance. After introducing semantic completeness, 

the recognition accuracy of the model increased by 3.9%. 

Comparing Model-1 (with no semantic integrity) and 

Model-4 (with only semantic integrity), the accuracy 

increased from 82.3% to 86.2%, an increase of 3.9 

percentage points. This improvement was entirely driven 

by the integrity scoring component, as Model-4 did not 

introduce multi head mechanisms and FNN, and only 

achieved performance improvement through the 

quantification of differences between raw text and masked 

text (integrity scoring core logic), proving that this 

component was the core functional carrier of the semantic 

integrity framework. The accuracy comparison between 

Model-4 (semantic integrity only) and Model-7 (semantic 

integrity+FNN) showed that after adding FNN, the 

accuracy increased from 86.2% to 89.3%, an increase of 

3.1 percentage points. Combining method design, FNN 

was the core implementation of feature aggregation 

(equation 6), which functions to perform nonlinear 

transformation on the original semantic difference features 

and enhance feature discrimination. This indicated that the 

feature aggregation component provided more effective 

input for integrity scoring by optimizing feature quality, 

indirectly improving the accuracy of semantic integrity 

evaluation. The introduced improvement approach could 

effectively improve the accuracy of statement entity 

recognition. To verify the novelty of the method proposed 

in this paper, pre trained models such as BERT base and 

RoBERTa base, which are widely used in entity 

recognition and relationship extraction tasks, were 

selected as baselines. The performance, core 

improvements, and applicable scenarios were compared, 

with a focus on analyzing the unique contribution of 

semantic integrity. The comparison results of pre trained 

language models are shown in Table 3. 

 

Table 3: Comparison results of pre trained language models 

 

Model Task CoNLL04 SciERC 

BERT-base 
Entity recognition 85.9%* 64.9%* 

Relationship extraction 69.5%* 56.0%* 

RoBERTa-base 
Entity recognition 87.8%* 67.1%* 

Relationship extraction 71.9%* 58.2%* 

Ours 
Entity recognition 90.6%* 69.8%* 

Relationship extraction 73.2%* 61.4%* 

Note: * indicates p<0.05. 

According to Table 3, in the entity recognition task, the F1 

score of the proposed method on the CoNLL04 dataset 

was 2.8% higher than that on the RoBERTa base dataset, 

and 2.7% higher on the SciERC dataset; In the relationship 

extraction task, the F1 score of our method on the 

CoNLL04 dataset was 1.3% higher than that on the 

RoBERTa base dataset, and 3.2% higher on the SciERC 

dataset; As the complexity of the dataset increased 

(SciERC is a scientific abstract that includes more nested 

entities and specialized terminology), the performance 

advantage of the proposed method became more 

significant, verifying the adaptability of semantic integrity 

to complex semantic scenarios. To verify the robustness 

and generalization ability of the model in different 

professional fields, additional experiments were 

conducted using the BioRED dataset in the biomedical 

field and the CAIL2020 dataset in the legal field. The 

experimental results are shown in Table 4. 

 

Table 4: Cross disciplinary experimental results 

 

Model Task BioRED CAIL2020 

MTL-NER 
Entity recognition 77.6%* 80.8%* 

Relationship extraction 69.3%* 72.8%* 

SPKTE 
Entity recognition 79.3%* 82.6%* 

Relationship extraction 71.9%* 75.1%* 

Ours 
Entity recognition 84.3%* 87.1%* 

Relationship extraction 77.3%* 80.0%* 

Note: * indicates p<0.05. 

 

According to Table 4, cross domain experiments (BioRED, 

CAIL2020, and other 4 datasets) showed that the entity 

recognition F1 score of the research method was 

84.3%/87.1%, and the relationship extraction F1 score 

was 77.3%/80.0%, both leading the baseline by 4-8 

percentage points; The coefficient of variation was ≤ 

7.5%, significantly lower than the comparison model, 

verifying the high accuracy and strong generalization of  

 

the multi head semantic integrity network. 

 

3.2 RE test results 
To validate the performance of the RE model introduced 

in the study, it was tested and compared with the ER 

extraction model based on Dual Relationship Prediction 

and Feature Fusion (DRPFF) and the Aggregation Logic 

Network Based on Binary Graph Structure (BoBGSAL-
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Net). The dataset, software and hardware settings, and 

hyperparameters used in the experiment were consistent 

with the above experiment. In the CoNLL04 and SciERC 

datasets, the filter thresholds were 0.4 and 0.3. The triple 

used for relationship extraction tasks in the experiment 

was defined as a structured data unit of “entity pair 

relationship”, consisting of subject entities, object entities, 

and semantic relationships between subjects and objects. 

The validity determination of triplets required two 

conditions: 1) both the subject entity and the object entity 

are valid entities confirmed by the entity recognition 

model (entity types meet the definition of the dataset 

category); 2) ERs refer to the semantic relationships that 

truly exist between entities in the original text, generated 

through non random combinations. To ensure the 

representativeness and balance of experimental data, the 

triplet sampling adopted a “type 

stratification+proportional control” strategy. Positive 

samples were stratified by entity type combination, with 

500-800 (training)/100-200 (testing) and a 1:1 balanced 

relationship category; Negative samples were generated 

by shuffling random entities of the same type, with a 3:1 

ratio and class by class alignment. Pseudo examples with 

self matching and distance<2 tokens were removed to 

ensure balanced distribution and semantic rationality. The 

preprocessing method for triplets was as follows: 

boundary calibration merges cross word entities, fuzzy 

relationships were uniformly mapped, and unlabeled 

sentences were deleted; Long sentences with entity pairs 

as the center, truncated by ± 50 tokens to prevent 

fragmentation; Use (es, eo, r) to remove duplicates and 

eliminate type mismatch samples. Finally, the study left 

8k-10k for training and 1.5k-2k for testing, with a 

distribution variation of ≥ 10% to maintain balance. The 

parameter settings are shown in Table 5. 

 

Table 5: The parameter settings 

 

Parameter Value 

Weight decay 0.01 

Optimizer coefficient 

( 1 / 2 / ) 
0.9/0.999/1e-8 

Optimizer coefficient 0.00005 

Maximum gradient norm 1.0 

Span embedding 

dimension 
25 

Semantic integrity 

embedding dimension 
25 

Batch size 2 

 

According to Table 5, the weight decay of the model was 

0.01, the initial learning rate was 0.00005, and both the 

span embedding dimension and semantic integrity 

embedding dimension were 25. The accuracy of RE from 

different datasets is presented in Figure 11. 
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Figure 11: Precision of relation extraction in different data sets (Source: Authors own drawing) 

 

According to Figure 11 (a), in the CoNLL04 dataset, the 

highest accuracy of DRPFF and BoBGSAL-Net was 72.2% 

and 73.5%, while the lowest was 71.1% and 72.2%. The 

average accuracy was 71.6% and 72.9%. The introduced 

RE model had a minimum accuracy of 75.1% and an 

average accuracy of 75.3%, which was higher than other 

approaches. According to Figure 11 (b), in the SciERC 

dataset, DRPFF and BoBGSAL-Net had the highest 

accuracies of 57.9% and 59.8%, and the lowest accuracies 

of 57.1% and 58.6%. The average accuracies were 57.5% 

and 59.2%. The introduced RE model had a minimum 

accuracy of 62.2% and an average accuracy of 62.9%, 

which was higher than other approaches. It is evident that 

the introduced RE model could accurately extract sentence 

relationships. The recall rates in different datasets are 

presented in Figure 12. 
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Figure 12: Recall rates in different data sets (Source: Authors own drawing) 

 

According to Figure 12 (a), in the CoNLL04 dataset, the 

recall rates of DRPFF and BoBGSAL-Net were the 

highest at 69.9% and 71.1%, and the lowest at 69.2% and 

70.1%. The average recall rates were 69.5% and 70.6%. 

The lowest recall rate of the RE model introduced in the 

study was 72.9%, with an average recall rate of 73.4% 

(p<0.05), which was higher than other approaches. 

According to Figure 12 (b), in the SciERC dataset, the 

recall rates of DRPFF and BoBGSAL-Net were the 

highest at 57.8% and 59.7%, and the lowest at 57.1% and 

58.5%. The average recall rates were 57.5% and 59.1%. 

The lowest recall rate of the RE model introduced in the 

study was 60.1%, with an average recall rate of 60.5% 

(p<0.05), which was higher than other approaches. The 

introduced RE model had good generalization ability. The 

F1 score in different datasets is presented in Figure 13. 
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Figure 13: F1 score in different data sets (Source: Authors own drawing) 

 

According to Figure 13 (a), in the CoNLL04 dataset, the 

F1 scores of DRPFF and BoBGSAL-Net were the highest 

at 69.8% and 71.9%, and the lowest at 68.9% and 70.7%. 

The average F1 scores were 69.4% and 71.3%. The RE 

model introduced in the study had a minimum F1 score of 

72.5% and an average F1 score of 73.2%, which was 

higher than other approaches. According to Figure 13 (b), 

in the SciERC dataset, the F1 scores of DRPFF and 

BoBGSAL-Net were the highest at 56.9% and 57.9%, and 

the lowest at 55.6% and 57.1%. The average F1 scores 

were 56.3% and 57.5%. The F1 score of the introduced RE 

model was the lowest at 60.8%, with an average F1 score 

of 61.4%, which was higher than other approaches. The 

introduced RE model had good robustness. Taking the 

CoNLL04 dataset as an example, the accuracy and F1 

score under different numbers of triples are presented in 

Figure 14. 
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Figure 14: Accuracy and F1 score under different triplet numbers (Source: Authors own drawing) 

 

As shown in Figure 14 (a), with the increase of the number 

of triples, the accuracy of each model first increased and 

then decreased. The accuracy of the RE model introduced 

in the study was consistently higher than other models. 
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When the number of triples was 4, the accuracy of the 

three models was the highest, at 73.4%, 74.5%, and 77.8%. 

As shown in Figure 14 (b), with the increase of the number 

of triples, the F1 score of each model gradually increased. 

The F1 score of the RE model introduced in the study was 

consistently higher than other models. When the number 

of triples was 4, the F1 score of each model was 71.3%, 

72.8%, and 75.7%. It is evident that the introduced RE 

model had excellent performance. To quantify the added 

value of the negative sample mechanism to the RE model, 

ablation experiments were conducted on it. The 

experimental results of negative sample mechanism 

ablation are shown in Table 6. 

 

Table 6: The experimental results of negative sample mechanism ablation 

 

Model Index CoNLL04 SciERC 

Negative sample 

mechanism 

Accuracy/% 75.3 62.9 

F1 score/% 73.2 61.4 

Without negative sample 

mechanism 

Accuracy/% 71.8 59.3 

F1 score/% 69.7 57.9 

Performance change 

amplitude 

Accuracy/% +3.5 +3.6 

F1 score/% +3.5 +3.5 

According to Table 6, after ablating the negative sample 

mechanism, the F1 score of CoNLL04 dataset decreased 

by 3.5 percentage points, and the F1 score of SciERC 

dataset also decreased by 3.5 percentage points. Both 

accuracy and recall rates showed significant declines, 

proving that the negative sample mechanism had a clear 

positive contribution to model performance. This was 

because the negative sample mechanism helps the model 

learn the semantic boundaries of entity pairs by providing 

comparative samples of “invalid relationships”. 

4  Discussion 
NLP is an important branch of artificial intelligence, with 

the goal of enabling computers to understand, generate, 

and process human language. With the advent of the big 

data era, text data is growing explosively, containing a 

large amount of unstructured information related to spatial 

location, semantic relationships, and so on. To extract 

valuable information from these data, efficient semantic 

association and syntactic pattern parsing techniques are 

required[23-24]. Although current models have achieved 

good results in recognizing simple semantic relationships, 

there are still shortcomings in handling complex semantic 

relationships. For example, in some complex sentence 

structures, the relationships between entities may need to 

be deduced through multiple intermediate entities, and 

existing models may struggle to accurately capture these 

complex relationships [25-26]. In view of this, an approach 

for automatically parsing semantic associations and 

grammatical patterns of noun predicate sentences based on 

Transformer architecture and BERT isintroduced. This 

approach achieves learning of complex features by 

introducing semantic completeness and multi head 

semantic completeness mapping networks. 

In terms of entity recognition, the introduced model 

achieved an average accuracy, recall, and F1 score of 

90.7%, 91.6%, and 90.6%, respectively, on the CoNLL04 

dataset. Compared to the MTL-NER and SPKTE models, 

it improved by 2.8%, 3.8%, and 2.9%. In the SciERC 

dataset, the average accuracy, recall, and F1 score of the 

introduced model were 69.8%, 70.4%, and 69.8%, 

respectively, which were 3.8%, 3.2%, and 3.1% higher 

than the MTL-NER and SPKTE models. Wang et al. 

introduced an entity recognition approach that combines 

RoFormer pre training model and Pointer-Net baseline 

model to address the low recognition accuracy of 

traditional named entity recognition approaches in 

agricultural disease texts [27]. Although this approach had 

a high recognition accuracy, its generalization ability was 

weak and only applicable to the agricultural field, while 

the approachintroduced in the study had strong 

generalization ability. Mojibian A et al. introduced a 

recognition approach using a commercial medical named 

entity recognition model combined with post-processing 

protocols to address the issue of identifying occasional 

pulmonary nodules from computed tomography reports. 

This approach utilized a generic medical named entity 

recognition model to annotate entities and their 

relationships, and filtered them through set 

inclusion/exclusion criteria to identify pulmonary nodules 
[28]. Although the above approach could achieve accurate 

identification of pulmonary nodules, its robustness was far 

lower than the model introduced in the study. In addition, 

the ablation experiment demonstrated that the introduction 

of semantic completeness significantly improved the 

recognition accuracy of the model, increasing from 82.3% 

to 90.7%. Among them, semantic completeness had the 

most significant impact on the performance of the model, 

increasing by 3.9%. Semantic completeness could 

effectively compensate for the shortcomings of traditional 

approaches in semantic representation and enhance the 

model's ability to perceive semantic differences in text. It 

can be seen that introducing semantic completeness and 

multi-head semantic completeness mapping networks 

could significantly improve the model's recognition ability 

for named entities, especially when dealing with complex 

text data, the model exhibited good robustness and 

generalization ability. 

In terms of RE, the introducedRE model outperformed 

other approaches on both CoNLL04 and SciERC datasets. 

Specifically, in the CoNLL04 dataset, the average 

accuracy, recall, and F1 score of the introducedRE model 

were 75.3%, 73.4%, and 73.2%, respectively, which were 

3.7%, 2.8%, and 3.8% higher than those of the DRPFF and 

BoBGSAL-Net models. In the SciERC dataset, the 
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average accuracy, recall, and F1 score of the introducedRE 

model were 62.9%, 60.5%, and 61.4%, respectively, 

which were 5.0%, 2.4%, and 3.9% higher than the DRPFF 

and BoBGSAL-Net models. Han Z and Wang J introduced 

anREapproach based on knowledge enhanced graph 

inference network for ER extraction in industrial KG 

construction. This approach integrated domain knowledge 

and graph structure information, using graph inference 

networks to identify ERs and construct KGs, thereby 

improving the accuracy of extraction and the 

completeness of KGs [29]. Although the above approach 

had high accuracy in relation extraction, it was only 

applicable to the industrial field, while the 

approachintroduced in the study was applicable to 

different fields and had good generalization. Zhu F et al. 

introduced a threat intelligence REapproach to address the 

barriers to sharing and utilization caused by the lack of 

KGs in IoT threat intelligence. This approach first 

constructed a threat intelligence ontology based on 

existing security ontologies and knowledge bases, 

providing an organized pattern for merging threat 

intelligence text data. Secondly, a threat intelligence entity 

and relationship joint extraction model based on Token 

Pair Linking Plus was designed, and domain knowledge 

was introduced to enhance the model's learning of IoT 

security terminology semantics [30]. The above 

approacheswere also limited to a certain field, while the 

REapproachintroduced in the study did not have domain 

limitations. The introduced semantic RE model could 

more accurately identify the relationships between entities 

in sentences, especially when dealing with complex 

semantic relationships, where the model had significant 

advantages. The proposed model, with its ability to handle 

confusion between nested entities and types, was 

implemented in KG construction, medical/legal retrieval, 

question answering, and other scenarios: manual 

annotation costs were reduced by 40%, triplet accuracy 

was improved by 15-20%, retrieval relevance rate 

increased by 25%, and answer extraction increased by 

30%. Lightweight Transformer could perform single 

sentence inference on CPU/GPU in less than 2 ms, which 

was 65% faster than BERT Large. It had a plug and play 

RESTful API and supported custom types. 

In summary, the introducedapproach based on 

Transformer architecture for semantic association and 

automatic parsing of grammatical patterns in noun 

predicate sentences had excellent performance in entity 

recognition and RE tasks, and had good robustness and 

generalization ability, which could provide new and 

effective approaches for the field of NLP. Due to the 

dependence of the introduced model on large-scale 

annotated data for training, its generalizability in practical 

applications was limited. Meanwhile, due to the high 

computational complexity of the model, its training and 

inference time was relatively long. Therefore, in the future, 

the research will consider introducing semi supervised 

learning and weakly supervised learning approaches, and 

explore in depth the lightweight design of models to 

reduce their dependence on large-scale annotated data and 

improve their training and inference efficiency. In addition, 

due to the 512 token restriction, the cross segment 

accuracy of long documents decreased by 5-8%, and the 

generalization in small sample domains was weak. No 

need to change the structure across domains, adaptation 

costs were reduced by 70%, and millions of sentences 

were processed in 1.5 hours. Therefore, in the future, the 

research will consider introducing semi-supervised and 

lightweight design, and establishing document level 

semantic mechanisms to fill the gap in long text 

information. 

5  Conclusion 
To achieve automatic parsing of semantic associations and 

grammatical patterns in noun predicate sentences, a 

parsing approach based on Transformer architecture was 

introduced. This approach consisted of an entity 

recognition model and a semantic RE model. By 

introducing semantic completeness and a multi-head 

semantic completeness mapping network, it learned 

complex sentence features to improve the parsing 

accuracy of the model. The experimental findings 

demonstrated that the introduced entity recognition model 

significantly outperformed the MTL-NER and SPKTE 

models in terms of average accuracy, recall, and F1 score 

on the CoNLL04 and SciERC datasets in entity 

recognition tasks. In relation extraction tasks, the average 

accuracy, recall, and F1 score of this approachwere also 

superior to DRPFF and BoBGSAL-Net models. The 

introduced approach had significant advantages in 

handling complex semantic relationships and could 

effectively address the shortcomings of traditional 

approaches in nested entities and entity type confusion. 

Due to the strong dependence of the introduced model on 

large-scale annotated data, its generalizability was limited. 

Therefore, future research will explore semi-supervised 

learning and weakly supervised learning approaches to 

reduce dependence on annotated data and further enhance 

the practicality of the model. 
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