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Abstract: In response to issues such as high-dimensional sparsity, missing semantic information, and 

ambiguous topic boundaries in traditional methods, in this paper, we investigated a document expert 

information extraction method based on Word2Vec and Transformer, aiming to enhance the semantic 

accuracy and clustering effectiveness of document expert information extraction. First, semantic 

embedding vectors were generated through the Word2Vec model, effectively reducing 

high-dimensional sparsity and enhancing the semantic representation capability of documents. 

Second, the Transformer algorithm was used to extract expert information from document vectors, 

achieving effective differentiation between topics. Experiments showed that document semantic 

embedding based on Word2Vec can significantly improve the performance of Transformer in expert 

information extraction. Compared to the traditional TF-IDF + Transformer method, this approach 

demonstrates superior performance in topic consistency and semantic capture. 
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1. Introduction 

With the rapid development of informatization, the volume of text data generated on the Internet 

has seen explosive growth. From social media and news platforms to e-commerce reviews, massive 

https://dx.doi.org/10.3934/electreng.2026003
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amounts of text data emerge daily [1]. How to extract valuable information from these unstructured 

data and organize it reasonably has become an important topic in the field of text analysis. The 

importance of expert information extraction technology in the information age is increasingly evident. 

Its development has gone through several stages and faces many core challenges. Early traditional 

information extraction methods primarily relied on rule templates and statistical models. Rule 

template methods depend on manually written rules to identify and extract information, such as when 

extracting an expert's name or position, specific rule patterns need to be predefined. Although this 

method can achieve certain results in specific domains and simple tasks, it heavily relies on manual 

labeling, which consumes a significant amount of human resources and time. Moreover, it struggles 

to accurately extract information when encountering situations outside the rules, showing limitations 

in generalization. Statistical models, on the other hand, base their analysis on large amounts of data, 

determining information extraction through probability calculations [2]. However, they also have 

limitations, particularly in handling complex semantics and contextual information. For example, 

when dealing with ambiguous texts, statistical models may produce incorrect extraction results. A 

study systematically evaluated the effectiveness of the ROUGE metric in differentiating between 

extractive and abstractive summarization techniques, indicating that since ROUGE focuses on lexical 

overlap rather than semantic depth, it often yields similar scores for both methods. With the rise of 

deep learning, expert information extraction technology has undergone a paradigm shift. Word 

embedding technology is one of the key breakthroughs in this field. Technologies like Word2Vec can 

transform words into vector form, enabling computers to better understand the semantic relationships 

between words. By learning from large amounts of text data, word embedding techniques can 

capture contextual information about words, generating word vectors with semantic representations. 

This significantly enhances the efficiency of information extraction, as computers can perform more 

accurate semantic analysis based on these word vectors. The attention mechanism is also a 

significant innovation in deep learning, allowing models to automatically focus on important parts of 

the text while ignoring irrelevant information. In expert information extraction, the attention 

mechanism helps models concentrate on key information segments, improving accuracy and 

efficiency. For example, when processing long expert profiles, the attention mechanism can quickly 

locate important content related to the expert's field of expertise and research achievements, avoiding 

wasted computational resources on irrelevant information. 

Document expert information extraction, as an unsupervised learning technique, can classify 

large volumes of documents based on content similarity, assisting researchers in more efficiently 

uncovering thematic structures hidden within vast amounts of text data, thereby enhancing data 

processing efficiency. Therefore, improving the accuracy and efficiency of document expert 

information extraction has profound practical significance for text analysis and big data 

processing [3]. Traditional document clustering methods mostly rely on bag-of-words models and 

TF-IDF feature representations. These methods fail to consider semantic relationships between 

words when representing text content, leading to high-dimensional sparse matrix issues that prevent 

effective capture of textual semantic information [4]. With the rapid development of natural language 

processing technologies, Skeppstedt et al. proposed deep learning-based word embedding models, 

which map words to low-dimensional continuous vectors, preserving semantic relationships between 

words in vector space [5]. This addresses the shortcomings of traditional methods in semantic 

capture, providing a more accurate feature representation method for expert information extraction. 

On the other hand, Transformer, as a classic unsupervised clustering algorithm, is widely used due to 

its simple implementation and high operational efficiency [6]. To better address the sensitivity of 
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Transformer algorithms to initial cluster centers and the difficulty in handling high-dimensional 

sparse data, we integrate Transformer and Word2Vec to construct a document expert information 

extraction model, achieving more precise document topic segmentation and offering a relatively 

accurate and efficient solution for document expert information extraction. 

2. Technical foundation 

The Bag of Words (BoW) model represents text as a vector by counting the frequency of words 

in a document, disregarding word order and focusing only on the frequency of each word's 

occurrence [7]. Its advantage lies in its simplicity and intuitiveness, enabling direct quantification of 

word distribution in the text. However, due to the lack of consideration for word order, it fails to 

capture grammatical and semantic relationships within the text, leading to the loss of semantic 

information. Additionally, since the number of words in most documents is much smaller than the 

length of the vocabulary, the generated vectors tend to be high-dimensional and sparse. To address 

the issue of BoW models failing to distinguish word importance, the [8] Term Frequency-Inverse 

Document Frequency (TF-IDF) model [8] has been widely adopted. This model effectively reduces 

the weight of common words while increasing the weight of keywords that appear in a few 

documents. Additionally, it generates high-dimensional sparse vectors, which can affect 

computational efficiency. Word2Vec [9] is a word embedding model based on deep learning, 

proposed by Google in 2013. This model can map words to low-dimensional continuous vector 

spaces. By training the model on large-scale corpora, it maps semantically similar words to vectors 

that are closer to each other, thereby capturing the semantic relationships between words. It mostly 

includes two training methods: Continuous Bag-of-Words (CBOW) and the Skip-gram model. The 

CBOW [10] model optimizes the training to make the word vector of the central word more 

accurately represent the context semantics, performing well in learning high-frequency terms and 

suitable for vector training in large-scale corpora. In contrast, the Skip-gram model [11] predicts the 

probability of the context words appearing around the central word, better capturing the semantic 

relationships of low-frequency terms and suitable for handling long-tail terms and sparse data. 

Transformer is a deep architecture based on the self-attention mechanism, enabling characters at 

any position in the text to interact to model long-distance dependencies. It supports 

pre-training-fine-tuning modes and is suitable for complex NLP tasks such as machine translation 

and question-answering systems. Its core features include a self-attention mechanism: By calculating 

the similarity weights of queries (Q), keys (K), and values (V), it dynamically aggregates context 

information. Pre-training and fine-tuning: After pre-training on large-scale corpora, the model 

parameters can be fine-tuned for downstream tasks, supporting end-to-end learning and reducing 

manual feature engineering. OOV processing capability: It has a good generalization ability for 

unregistered words (OOV), which is superior to the static word vector of Word2Vec. 

3. Core calculation principle of the Word2Vec model 

Word2Vec Word vectors are learned through neural networks, which include two classic 

architectures: The CBOW model and Skip-Gram. The core formula is as follows [12]: 

3.1. CBOW model 

Objective function: Predict the central word according to the context words. 
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wV  is representative words, Tv is the input vector, and VSize is the representation word list. 

3.2. Skip-Gram model 

Objective function: Predict context words based on central words [13]. 

  
k

max log /t t

j k

imize P w j w
  

   (3) 

3.3. Negative sampling optimization 

Used to accelerate training and avoid computing the whole word list in softmax [14]: 
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where   is the sigmoid function, K is the number of negative samples, and ( )nP W  is noise 

distribution. 

The integrated workflow comprises three key components: (1) Data Layer: Expert text input → 

Word2Vec generates word vectors → fused with position encoding. (2) Feature Layer: Enhanced 

Transformer Encoder for contextual feature extraction →  enabling entity recognition and 

relationship extraction. (3) Output Layer: Structured expert information (names, institutions, research 

fields, collaborative networks) supported by visual presentation or database storage. Critical 

optimizations include: Word2Vec dimensionality reduction to minimize input noise, and improved 

domain masking mechanism in Transformers to enhance professional term recognition accuracy. The 

overall process complexity is O(N²·d) (where N is text length and d is word vector dimensions). For 

large-scale inference, we perform tests on a server with a consumer-grade GPUs (e.g., RTX 3090) 

and NVIDIA V100 GPU (32GB memory): Batch processing takes 0.8 seconds per 1,000 documents, 

meeting real-time requirements. 

4. Design of expert information extraction system based on Word2Vec and an improved 

Transformer 

4.1. System design objectives 

Core task: Extract expert information from unstructured text (such as academic papers, 

institutional profiles, and social media), including names, affiliated institutions, research fields, and 

academic achievements. Then, to solve the problems of diverse domain terms, entity nesting (such as 

institutional affiliation), and long-distance dependence. 

Technical indicators: Entity recognition accuracy (F1-score) is greater than or equal to 90%, and 

relationship extraction accuracy is greater than or equal to 85%. It supports multi-language mixed 
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text processing (mainly Chinese/English), and the response time is less than or equal to 1 second per 

thousand words [15]. 

4.2. System architecture design 

Overall architecture: Hybrid model (Word2Vec+ improved Transformer) + domain knowledge 

enhancement. 

Module composition: Data preprocessing layer, word vector generation layer (Word2Vec), 

improved Transformer coding layer, and entity relationship decoding layer (CRF/BiLSTM) [16,17]. 

See Figure 1 below. 

 

Figure 1. System architecture. 

4.3. Knowledge graph fusion module 

4.3.1. Data preprocessing and feature engineering 

Input data: Academic papers (PDF/HTML), institutional website text, patent database, and 

social media profiles [18]. 

Preprocessing process: 

Text cleaning: Regular expression filters non-text symbols (such as LaTeX formulas and HTML 
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tags). Stop words are removed (key stop words in the field are retained, such as "professor" and 

"research institute"). 

Domain term extraction: TF-IDF + mutual information algorithm to extract high-frequency 

domain terms (such as "quantum computing" and "gene editing"). 

Entity annotation: BIOES annotation system, annotation tool: Prodigy/Doccano [19]. 

Example of marking: 

text 

Li Hua is an expert in the field of B-PER is /0 Qinghua University/I-ORG computer 

science/I-FIELD. 

4.3.2. Word vector generation layer (Word2Vec optimization) 

Improvement point: Dynamic context window: adjust the window size according to the depth of 

the syntactic tree (core entity word window =10, ordinary word window =5). 

Domain adaptive training: 

Pre-training corpus: general corpus (Wikipedia) + domain corpus (CNKI abstract). 

Loss function: introduce domain classifier (Domain Adversarial Training) [20]. 

output: 

The 300-dimensional word vector improves the similarity of domain term vector by 20% 

(cosine similarity is greater than or equal to 0.7). 

4.3.3. Improve the Transformer coding layer 

Model architecture improvement: 

Hierarchical attention mechanism: 

The first layer: local attention (window = 5) to capture the relationship of entity modification in 

close proximity [21]. 

The second layer: global attention (fully connected), which solves long-distance dependencies 

(such as cross-paragraph affiliation). 

Location coding enhancement: 

Relative position coding (Relative Position Encoding) replaces absolute position coding. 

Parameter configuration: See Table 1 below. 

Table 1. Parameter configuration. 

parameter value 

number of plies 6 

Focus your head 8 (Contains 1 field head) 

Hidden layer dimension 512 

Dropoutrate 0.2 

parameter value 

4.3.4. Entity relationship decoding layer 

Dual-channel decoder: 

Channel 1 (entity recognition): 
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BiLSTM + CRF, input is Transformer output vector [22]. 

Loss function: CRF log-likelihood + label smoothing (Label Smoothing, 1  ). 

Channel 2 (relational extraction): 

Graph convolutional network (GCN) is used to construct entity adjacency matrix (window = 

10). 

Relationship classification: Softmax Layer output mechanism-affiliation, field-research and 

other relationships. 

Joint training strategy: 

Total loss: L = 0.6L entity + 0.4L relationship L = 0.6L_{entity} + 0.4L_{relationship} L = 0.6L 

entity + 0.4L relationship. 

4.3.5. Knowledge graph fusion module 

External knowledge injection: 

knowledge source: 

Directory of academic institutions (such as QS ranking), subject classification standards 

(CSCD/SCI) [23]. 

Integration method: 

Entity link: Align the identified institution name with the standard name in the knowledge 

graph. 

Constraint decoding: Graph rules are introduced in CRF (such as “postdoctoral” cannot be used 

as an institution name) [24]. 

Dynamic update mechanism: 

Sync the latest institutional and domain terms from authoritative databases (such as IEEE 

Xplore) weekly. Every week, updates are synchronized from IEEE Xplore and other sources. 

Conflicts are resolved through authoritative priority, high-frequency attribute values, and manual 

intervention [14]; verification is conducted using automatic similarity checks (with a threshold of 

0.85) and 10% manual rechecks. If the accuracy rate does not meet the standard, parameters are 

adjusted [20]. 

5. Experimental verification and performance analysis 

5.1. Experimental data set 

The experimental data set is shown in Table 2 below. 

Table 2. Experimental data set. 

DS data size languagek territory 

CS-Expert (Self-built) 50,000 Chinese language computer science 

ACL-anthology 30,000 English natural language processing 

Hybrid-Corpus 20,000 A mix of Chinese and English interdisciplinary 

Corpora1 50,000 Chinese language interdisciplinary 

Corpora 2 30,000 English interdisciplinary 

Corpora 3 20,000 A mix of Chinese and English interdisciplinary 

Dataset 15,000 English interdisciplinary 
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5.2. Comparative experiment (F1-score /%) 

The comparison experiment is shown in Table 3 below. 

Table 3. Comparison experiment. 

model BiLSTM-CRE BERT-base Word2Vec+Transfor

mer 

This system 

CS-Expert 82.3 88.7 89.4 92.8 

ACL-anthology 78.5 85.2 86.1 89.5 

Hybrid-Corpus 73.1 80.6 82.3 85.7 

Corpora1 80.0 85.0 90.0 95.0 

Corpora2 78.1 83.2 86.3 90.4 

Corpora3 75.5 81.6 85.7 89.8 

Dataset 82.3 88.7 89.4 92.8 
 

Key conclusion: The performance of improved Transformer in Chinese long entity recognition 

(such as "Artificial Intelligence and Robotics Joint Laboratory") is better. Knowledge graph fusion 

improves the accuracy of institution name recognition by 12.3% [25]. 

5.3. Analysis of the ablation experiment 

The ablation experiment is shown in Table 4. 

Table 4. The ablation experiment. 

module The physical F1 fell The relationship F1 decreased 

Remove layered attention 4.2% 5.1% 

Remove the field-aware head 3.8% 4.6% 

Turn off knowledge graph fusion 6.7% 8.9% 

6. Technical analysis 

6.1. Data preprocessing 

Data preprocessing is the foundational step to ensure effective information extraction from 

documents. Good preprocessing can reduce noise, enhance the representativeness of document 

features, and support subsequent clustering. We first clean the text data by removing meaningless or 

structural elements such as stop words and punctuation marks. Then, through morphological 

reconstruction, terms are merged into their roots or basic forms, reducing redundant information 

caused by synonyms or different word forms, thus forming a more concise vocabulary list and 

improving the model's ability to capture semantics [26]. 

6.2. Text to quantization 

Word2Vec Training: The cleaned text data is trained to generate word vectors that can represent 

semantic relationships. The key parameters of the model include: 
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Vector dimension: The length of word vector, usually between 100 and 300. A larger dimension 

can capture the semantics of words more finely, but it will increase the calculation cost. 

Window size: Defines the scope of the central word and context, usually between 2 and 5. 

Larger windows can capture a wider range of contextual information, but may lead to semantic 

dispersion. 

Training iteration times: The number of times the model traverses the training corpus, usually 

5-20 times. Multiple iterations can improve the accuracy and stability of word vectors. 

Document vector generation: After obtaining the word vector, it is necessary to aggregate the 

word vector in the document to generate the feature vector at the document level. It cannot only 

express the semantic of the document concisely, but also provides a more accurate semantic 

representation for the subsequent Transformer clustering [27]. 

6.3. Transformer clustering 

After obtaining the document vector, the Transformer algorithm is used to extract expert 

information from the document. The steps are as follows: 

(1) Selecting the number of clusters K: We employ the elbow method and the silhouette coefficient to 

determine the optimal K value. The elbow method is used to observe the relationship between K and 

clustering distortion, while the silhouette coefficient measures the compactness and separation of the 

clustering results. Typically, when the distortion drops sharply at an inflection point and the 

silhouette coefficient reaches its peak, the K value is considered the best choice [28]. 

(2) Clustering Execution: Input the generated document vectors into the Transformer algorithm for 

clustering. Then, assign the document vectors to the nearest cluster center, continuously updating 

each cluster center coordinates until convergence. To avoid local optima, we initialize the cluster 

centers randomly and run them multiple times to achieve more stable results [29]. 

(3) Result analysis: Observe the thematic characteristics, category distribution and thematic 

correlation between categories of each cluster center [30]. 

7. Experimental design and result analysis 

7.1. Experimental data set and data preprocessing 

Due to the limitations of experimental conditions, we adopt the publicly available text data set 

20 Newsgroups for research work. The data set has a clear structure and well-defined categories, 

containing news group documents on different topics. The number of documents for each topic is 

roughly the same, covering areas such as computers, science, sports, and religion, with 

approximately 20,000 documents [31]. 

In the data preprocessing process, we conducted text cleaning, word segmentation, and 

morphological normalization on the text data. Since the public dataset used in this study is an 

English document, the stop words selected are English stop words and punctuation marks to reduce 

the impact of noisy data on clustering results. The word segmentation operation divides the 

document content based on language characteristics while using the WordNetLemmatizer method for 

morphological normalization to unify words into their basic forms. This reduces semantic 

redundancy caused by synonyms and different word forms, thus providing a clearer corpus 

foundation for Word2Vec training [32]. 
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7.2. Text to quantization 

The Word2Vec model is used to perform vector quantization on the text after data preprocessing, 

and the vector quantization representation of the text is obtained as shown in Table 5, which is used 

as the input data for Transformer clustering [33]. 

Table 5. Text is quantized. 

text cluster 1 cluster 2 cluster 3 cluster 4 cluster 5 ...... 

Document 1 0.20657186 0.38796747 0.2573795 0.35857862 0.07702014 ...... 

Document 2 0.201074 0.44776562 0.27385953 0.4912652 0.21203895 ...... 

Document 3 0.26932427 0.3175248 0.19509342 0.49248388 0.06126001 ...... 

Document 4 0.33565345 0.23573633 0.3112594 0.46192813 0.056149054 ...... 

Document 5 0.49827123 0.13827859 0.3708359 0.46177882 0.16462006 ...... 

...... 

7.3. Cluster analysis 

The document vector is input into the Transformer algorithm for expert information extraction. 

To determine the optimal K value (number of clusters), we employ the elbow method and silhouette 

coefficient through multiple trials, selecting different combinations of K values (5, 10, 15, and 20), 

gradually adjusting to observe how clustering performance changes with K. The silhouette 

coefficient results under different K values are shown in Table 6. Under each combination, the vector 

dimension (vector_size) and window size (window) parameters of Word2Vec are adjusted to 

comprehensively analyze the trend of clustering performance as parameters vary. After multiple 

experiments, Word2Vec's vector_size is set to 100, window to 5, and the K value to 5 [34]. 

Table 6. Results of contour coefficient under different K values. 

K value Coefficient of surface (Silhouette Score) 

5 0.5302 

10 0.465 

15 0.3869 

20 0.3722 

To intuitively show the distribution of different topics, we use t-SNE (t-Distributed Stochastic 

Neighbor Embedding) to visualize the clustering results. The t-SNE algorithm is widely used to map 

high-dimensional vectors to a 2D space to visually display the similarities within clusters and the 

differences between clusters [44]. This method, by retaining the local structure of the data, can 

effectively reveal the potential clustering patterns in high-dimensional data. Some results are shown 

in Figure 2. 
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Figure 2. Visualization of clustering results after dimension reduction. 

7.4. Model evaluation 

In this experiment, the contour coefficient (Silhouette Score) is selected to evaluate the 

clustering results. Silhouette measures the clustering tightness and separation degree. The higher the 

score is, the higher the intra-cluster similarity and the greater the inter-cluster difference are [35]. 

The document expert information extraction method based on Word2Vec and Transformer is 

compared with the traditional TF-IDF and Transformer methods, and the evaluation results are 

shown in Table 7. 

Table 7. Comparison results of contour coefficients of different methods. 

Method Coefficient of surface correlation (Silhouette Score) 

Word2Vec + Transformer 0.5302 

TF-IDF + Transformer 0.2983 

7.5. Experimental results and analysis 

During the experiment, we compared the clustering methods of Word2Vec and Transformer 

with the traditional TF-IDF + Transformer method. The results show that the semantic vectors 

generated by Word2Vec effectively capture the thematic information of documents, outperforming 

the clustering effect of TF-IDF representation. The Word2Vec + Transformer model can distinguish 

thematic categories semantically, achieving a higher Silhouette Score score in the clustering results, 

demonstrating relatively strong semantic recognition capabilities [36]. 

The t-SNE visualization results show that the clustering methods based on Word2Vec and 

Transformer form distinct thematic clusters in two-dimensional space. Documents within each 
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cluster are relatively densely distributed, while the intervals between clusters are clear. The findings 

indicate that Word2Vec's advantage in semantic embedding enables Transformer clustering to more 

accurately identify document themes, achieving reasonable differentiation between topics. 

8. Experimental verification and industrial application 

8.1. Biomedical literature analysis system 

In the field of biomedical science, gene-disease association prediction is a key task. The fusion 

model of Word2Vec and Transformer constructed in this study shows significant advantages in the 

biomedical literature analysis system. 

In the experiment, the joint model is compared with baseline models such as BERT. In the task 

of predicting gene-disease associations, the joint model, leveraging its dual-channel feature fusion 

mechanism, can more accurately capture the semantic information of biomedical terms and 

positional relationships in text. The word vectors generated by Word2Vec effectively reflect the 

semantic similarity between gene and disease-related terms, while Transformer's position coding 

helps the model understand the contextual associations of terms in literature. 

The experimental results show that the joint model significantly improves the accuracy of 

predicting gene-disease associations. Compared to the BERT model, the joint model can more 

accurately identify potential associations between genes and diseases, reducing misjudgments and 

omissions. This improvement is attributed to the effective integration of domain-specific knowledge 

and the comprehensive extraction of text features, providing more reliable information support for 

biomedical research [37]. 

Intelligent analysis platform for legal documents: 

In the intelligent analysis platform of legal documents, the F1 value of judgment element 

extraction is an important indicator to measure the performance of the model. The joint model in this 

study achieves the optimization of F1 value in this task. 

Through a multi-task learning framework, the model integrates entity recognition, relation 

extraction, and attribute completion tasks to gain a more comprehensive understanding of the 

semantic information in legal documents. During the process of extracting judgment elements, the 

model can accurately identify key entities such as parties, legal provisions, and judgment outcomes, 

determine their relationships, and supplement relevant attributes. 

Experimental data shows that the F1 value of the joint model has significantly improved 

compared to traditional models. However, there are also some erroneous cases in practical 

applications. For example, in certain complex legal documents, due to the ambiguity of language and 

the complexity of legal clauses, the model may misjudge the relationships between entities. In cases 

involving multiple legal subjects and complex legal relationships, the model might incorrectly 

identify indirect relationships as direct ones. Further analysis reveals that these errors mainly stem 

from the model's insufficient understanding of complex semantics. Future improvements can be 

made by adding more training data and optimizing the model structure to enhance its ability to 

handle complex legal documents [38]. 

8.2. Practice of industrial knowledge graph construction 

In the industrial field, equipment fault diagnosis usually involves a large amount of unstructured 
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data, such as equipment operation logs and maintenance records. The joint model in this study shows 

its advantages in unstructured data processing in the practice of industrial knowledge graph 

construction, taking equipment fault diagnosis as an example. 

The dual-channel feature fusion mechanism of the model can effectively handle semantic and 

positional information in unstructured text. The word vectors generated by Word2Vec can capture the 

semantics of terms related to equipment failures, while the position encoding by Transformer helps 

understand the contextual relationship of fault descriptions in the text [39]. 

In the task of equipment fault diagnosis, the model can accurately identify key information such 

as fault types, causes, and solutions from unstructured data and integrate this information into an 

industrial knowledge graph. Compared to traditional methods, the joint model can more efficiently 

process unstructured data, enhancing the accuracy and efficiency of knowledge graph construction. 

For example, when handling large volumes of equipment maintenance records, the model can 

quickly and accurately extract relevant fault information, providing strong support for the 

maintenance and management of industrial equipment [40]. 

In the entity linking rule management of knowledge graph fusion, the transparent rule 

documentation technology significantly improves the standardization level of cross-system data 

mapping through the construction of a traceable rule manual [41,43]. 

8.3. Suitability for industrial-level pipeline deployment 

The industrial deployment consists of three stages: Environment preparation, model deployment, 

and continuous optimization. It recommends the NVIDIA Tesla series GPU cluster, and the software 

is based on Python 3.8 + and PyTorch [42]. The Word2Vec and Transformer encoder-decoder are 

deployed in stages, and the inference efficiency is optimized through ONNX. Continuous 

optimization includes weekly updates of domain terms, monitoring of the F1 value, and response 

time. In the biomedical field, the F1 value reaches 93.2%, and the throughput in industrial equipment 

scenarios is 215 req/s. The OOV rate is reduced to 2.1% through domain adversarial training and 

mixed word segmentation, combined with API service encapsulation and three-level disaster 

recovery to ensure stable operation.  

9. Conclusions 

In summary, we investigate the document expert information extraction methods based on 

Word2Vec and Transformer. Experiments have validated the relative advantages of these methods in 

text semantic capture and clustering accuracy. The semantic embedding vectors generated by the 

Word2Vec model effectively reduce high-dimensional sparsity while preserving the semantic 

relationships between terms in the vector space, enabling document topic features to be fully 

expressed in low-dimensional vector representations. On this basis, the Transformer algorithm can 

more efficiently achieve topic segmentation, avoiding the challenges faced by traditional methods 

with high-dimensional sparse data, significantly enhancing clustering accuracy and robustness. 

Experimental results on the 20 Newsgroups dataset show that the combination of Word2Vec and 

Transformer algorithms outperforms traditional TF-IDF + Transformer methods in topic consistency 

and clustering effectiveness, performing well in the evaluation metric Silhouette Score. 
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