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Abstract 

The increasing frequency of extreme weather events has resulted in a rapid growth of unstructured 

meteorological texts, posing challenges for accurate disaster-related information extraction. Existing 

relation extraction models that integrate semantic and syntactic information via Graph Convolutional 

Networks (GCNs) often suffer from noise amplification and information redundancy. To address 

these limitations, we propose a domain-specific relation extraction framework that integrates 

Bidirectional Encoder Representations from Transformers (BERT) with an Adaptive Denoising 

Graph Network. A dual-tuning architecture is designed to jointly model semantic and syntactic 

features. Specifically, a Self-Attention Graph Convolutional Network (SA-GCN) dynamically prunes 

irrelevant dependency structures, while a Residual Shrinkage Network (RS-Net) performs fine-

grained feature denoising through sample-adaptive threshold learning. Experiments on the public 

DUIE 2.0 dataset and a newly constructed Agricultural Meteorological Disaster dataset demonstrate 

that the proposed model achieves F1 scores of 91.51% and 92.84%, respectively, outperforming state-

of-the-art methods. Ablation studies further confirm the effectiveness of adaptive denoising in 

handling complex linguistic structures in disaster reports. The proposed approach enhances the 

robustness and accuracy of meteorological relation extraction and provides technical support for 

knowledge graph construction and intelligent disaster early warning systems. 

Keywords: relation extraction; knowledge extraction; multimodal fusion; graph convolutional 

network; adaptive denoising 

 

1. Introduction 

1.1. Research Background 

Global climate change is accelerating, and the frequency of extreme weather events is increasing 

significantly. Agricultural meteorological disasters such as droughts, floods, typhoons, and frosts 

have become major factors threatening agricultural production and food security. Against the 

backdrop of global warming, both the frequency and intensity of meteorological disasters in China 

have risen markedly. 

These disasters have a severe impact on the stable prosperity of natural ecosystems and the 

secure development of the political, economic, and social spheres. Therefore, research and work 

related to meteorological disaster warning and prevention have become particularly important. To 

effectively cope with agricultural meteorological disasters, China has formulated and introduced a 

series of related policies and measures in recent years. For example, the Central No. 1 Document(the 
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first and most prominent policy statement released annually by the Central Committee of the 

Communist Party of China and the State Council, which has prioritized agricultural and rural 

development for over two decades) has made agricultural meteorological disaster monitoring and 

early warning a key work point for many consecutive years (2023), and the Ministry of Agriculture 

and Rural Affairs has issued important documents such as the “Technical Guidelines for Risk 

Assessment and Zoning of Agricultural Meteorological Disasters” (2024). The aim is to enhance 

independent innovation capabilities in the meteorological field through cutting-edge technologies 

like artificial intelligence, big data, and quantum computing, and to build a meteorological disaster 

risk assessment and decision-making information support system with all-weather response 

capabilities. 

Although the state has introduced multiple policies to encourage and support the monitoring, 

warning, and prevention of agricultural meteorological disasters, the massive growth of text data in 

the meteorological disaster field has led to low operational efficiency when relying on manual 

integration and analysis of meteorological data. This results in significant consumption of human and 

material resources, increasing operational costs. Furthermore, traditional methods in the 

meteorological disaster field struggle to efficiently extract key information from massive, fragmented, 

or heterogeneous data. This shortcoming can no longer meet the current objective demand for high-

efficiency data processing capabilities. 

To achieve data-intensive knowledge discovery and application, the Knowledge Graph (KG) has 

emerged as an important tool [1–3]. It can visually describe various entities and their corresponding 

relationships in the world and perform tasks such as knowledge discovery. In recent years, it has 

been widely used in fields like recommendation systems, intelligent question answering, and 

sentiment analysis [4]. 

Moreover, to extract entities and relationships from source texts, Natural Language Processing 

(NLP) techniques typically require domain experts to build rule templates and perform manual 

annotation for tasks like Named Entity Recognition (NER) and Relation Extraction (RE) [5–9]. With 

the rapid iteration of storage media and computing devices has led to a surge in computing power, 

feature learning methods represented by deep learning have begun to develop rapidly (Li Ying, Chen 

Huailiang, 2020) [10,11]. Combining deep learning and natural language processing to complete 

knowledge graph construction has become a research hotspot [12–16]. 

However, in the field of agricultural meteorological disasters, although intelligent processing 

methods and sufficient scientific data provide a basis for NER and RE of agricultural meteorological 

disasters, research on meteorological disaster knowledge graphs based on NLP is relatively scarce. 

Therefore, this paper, starting from the methodology of knowledge acquisition, integration, and 

analysis, integrates data from the meteorological disaster field. It builds the core technology of a 

knowledge graph based on entity relation extraction and named entity recognition processes, 

extracting entities associated with agricultural meteorological disasters from massive text data to 

form a high-quality knowledge graph. Subsequently, a knowledge-based question answering system 

for agricultural meteorological disasters will be developed to provide references for the decisions of 

agricultural producers, government departments, and scientific researchers, offering intelligent 

method support for promoting high-quality meteorological development. 

1.2. Our Contributions 

This paper presents a multimodal relation extraction model that fuses syntactic pruning with 

adaptive denoising to facilitate the construction of a domain-specific Knowledge Graph. The core 

contributions are as follows: 

A Dual-Path Multimodal Fusion Framework: We propose a parallel architecture that extracts 

and fuses semantic and syntactic features. This approach ensures that the model captures both the 

linguistic meaning and the structural dependencies essential for accurate relation extraction in 

complex meteorological texts. 
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Self-Attention Graph Convolutional Network (SA-GCN) for Dynamic Pruning: To resolve the 

issue of information redundancy, we innovate upon the standard GCN by integrating a self-attention 

mechanism. Unlike traditional methods that aggregate neighbors equally, the SA-GCN dynamically 

calculates neighbor weights to prune irrelevant dependencies. This focuses the model on core 

syntactic paths, significantly improving computational efficiency and extraction precision. 

Residual Shrinkage (RS) for Adaptive Denoising: We introduce a Residual Shrinkage Network 

into the NLP domain to address noise propagation. By learning adaptive thresholds, the RS module 

suppresses weak noise features while retaining strong signals. This enhances the model’s robustness 

against the inherent noise found in automated text processing. 

2. Related Work 

2.1. Information Extraction in Agricultural Meteorological Disasters 

With the development of precision agriculture, applying Natural Language Processing (NLP) 

technology to extract knowledge from unstructured meteorological texts has become a research 

hotspot. Early research mostly relied on manual rule construction or statistical machine learning 

methods to extract disaster information. For instance, Qiu et al. (2018) [2] constructed a 

meteorological agricultural knowledge graph based on semi-structured data, validating the 

feasibility of knowledge organization for disaster warning. However, these traditional methods rely 

heavily on manual feature engineering and struggle to generalize to massive, heterogeneous texts. 

In recent years, deep learning has been gradually applied to this field. Named Entity Recognition 

(NER) in agriculture has achieved significant progress. Zeng et al. (2025) [17] released the AgriCHN 

dataset and proposed a cross-domain NER model, effectively identifying agricultural entities. 

Specifically for meteorological disasters, Ye et al. (2024) [18] proposed a state information extraction 

method for typhoon disasters, utilizing deep neural networks to capture disaster attributes from 

news reports. Qiu et al. (2025) [19] further introduced a character-word fusion method to improve 

the accuracy of agricultural meteorological disaster event extraction. 

Despite these advancements, existing research still faces two major unresolved problems: 

Lack of Relation Extraction (RE) Studies: Most current works focus on entity recognition (NER) 

or simple event detection [1,20]. Research on extracting semantic relationships between disaster 

entities (e.g., “Drought” causes “Yield Reduction”) is relatively scarce, limiting the reasoning 

capability of downstream knowledge graphs. 

Sensitivity to Noise and Long Sequences: Disaster reports often contain long sentences with 

complex syntactic structures and redundant information (noise). Existing agricultural IE models 

[17,21] often lack effective mechanisms to filter out irrelevant syntax or denoise the features, leading 

to performance degradation when processing complex real-world reports [22–24]. 

2.2. Neural Relation Extraction Techniques 

To address the aforementioned challenges in agricultural texts, recent advancements in general 

domain relation extraction provide potential solutions. 

Semantic Encoding and Pre-training: Pre-trained language models like Bidirectional Encoder 

Representations from Transformers (BERT) (Devlin et al., 2019) [25] have revolutionized relation 

extraction by capturing rich contextual semantics through large-scale unsupervised training. Variants 

such as RoBERTa (Robustly optimized BERT approach) further optimized the training strategy [26] 

Other models like ALBERT [27], DeBERTa [28], and ELECTRA [29] have also been explored [30–34]. 

However, BERT-based methods mainly focus on semantic sequences and often struggle to capture 

long-distance dependencies between entities in complex sentences [35,36]. 

Syntactic Enhancement via Graph Neural Networks (GNNs): To capture long-distance 

dependencies, Graph Convolutional Networks (GCNs) are widely used to model the dependency 

tree of sentences [37–44]. Zhang et al. (2018) [45] proposed Contextualized Graph Convolutional 

Network (C-GCN) to facilitate information propagation over dependency paths. To reduce the noise 
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from erroneous dependency parsing, Guo et al. (2019) [46] proposed Attention Guided Graph 

Convolutional Network (AGGCN), which uses a “soft pruning” strategy to weigh neighbor nodes. 

Nevertheless, these models typically use equal-weight aggregation or simple attention, which is 

insufficient to completely filter out the structural noise found in disaster reports. 

Feature Denoising Mechanisms: Dealing with noisy data is a critical challenge in deep learning 

[47]. The “soft thresholding” mechanism, originally from signal processing, has been successfully 

applied to fault diagnosis. Zhao et al. (2019) [48] proposed the Residual Shrinkage Network (RSN), 

which uses an attention mechanism to learn adaptive thresholds and suppress noise features in 

vibration signals. Similar deep residual shrinkage networks have been applied in other domains, such 

as lithology identification[49] and anomaly detection of rotating machines [50]. In the NLP domain, 

although some works have attempted to use gating mechanisms for denoising, applying adaptive 

residual shrinkage to suppress syntactic noise in relation extraction remains an unexplored area. 

3. Model Design and Implementation 

The relation extraction model proposed in this paper is centered on an innovative Dual-Path 

Feature Fusion Architecture, aiming to organically combine the deep semantic understanding 

capabilities endowed by pre-trained language models with structured syntactic analysis based on 

graph neural networks. To clearly demonstrate the model’s internal workflow, the following figure 

presents the complete processing flow from data input to relationship prediction. 

3.1. Overall Model Architecture 

The entire model can be deconstructed into four core modules, as shown in Figure 1. 

(1) Dual-Path Feature Extraction Module: As the model’s data processing front-end, this module 

receives raw text sequences and works in parallel along two independent paths. The semantic path 

utilizes the powerful BERT pre-trained model to capture the deep, implicit contextual semantics 

within the text. The syntactic path uses a dependency parser to explicitly convert the text’s 

grammatical structure into a graph structure, laying the foundation for subsequent structured 

information processing. 

(2) Syntactic Enhancement Module: This module is the first core innovation of the model, 

designed to address the “one-size-fits-all” limitation of standard graph networks. With the Self-

Attention Graph Convolutional Network (SA-GCN) at its core, it receives semantic features and the 

syntactic graph from the dual-path module. By introducing a self-attention mechanism and a 

dynamic pruning strategy during the graph convolution process, this module can intelligently 

identify and amplify key syntactic dependencies while filtering out redundant information, achieving 

preliminary syntactic enhancement of the original semantic features. 

(3) Feature Denoising Module: This is the second core innovation, aimed at overcoming the 

inherent noise amplification effect in graph network information propagation. This module receives 

features from the syntactic enhancement module and introduces the Residual Shrinkage Network 

(RS-Net) for the first time. Through an innovative adaptive threshold learning mechanism, RS-Net 

can “tailor” a denoising solution for each sample, precisely suppressing noise features to output 

highly purified syntactically enhanced features. 

(4) Fusion and Classification Module: As the model’s back-end, this module is responsible for 

integrating information and making the final decision. It deeply fuses the original semantic features 

from the first module with the refined syntactic features [51] from the third module. To enhance the 

model’s robustness and generalization, we designed a dual-classifier joint training strategy, 

optimizing through an interpolation loss function to finally output the relationship category between 

entity pairs. Data flows sequentially through it, forming a complete processing pipeline from “feature 

extraction” to “fusion and classification.” 
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Figure 1. Model architecture diagram. 

3.2. Dual-Path Feature Extraction Module 

The BERT model, with its Transformer-based bidirectional encoding capability, has become a 

cornerstone in the field of natural language processing [25]. In this model, BERT undertakes the key 

task of converting discrete text symbols into dense, continuous semantic vector representations. To 

fully leverage BERT’s pre-trained knowledge while better adapting it to the specific downstream task 

of relation extraction, we adopted a Hierarchical Freezing fine-tuning strategy. For a BERT-base 

model with 12 Transformer layers, the parameters of the first 8 layers are kept frozen during training, 

while the parameters of the last 4 layers participate in gradient updates. 

BERT’s lower layers (1-8) learn more universal lexical and basic grammatical knowledge. 

Freezing these layers effectively prevents “catastrophic forgetting” when fine-tuning on small-scale 

domain datasets, thus maximally preserving its generalization ability. The higher layers (9-12), on 

the other hand, learn more task-related abstract semantic representations. Finetuning them guides 

the model to focus its general language knowledge on the specific needs of relation extraction. After 

processing by this module, an input text sequence is encoded into a semantic feature matrix 𝐻𝑏𝑒𝑟𝑡 ∈

𝑅𝑛×𝑑𝑏𝑒𝑟𝑡  , where n is the sequence length after BERT tokenization, and dbert is the hidden layer 

dimension (typically 768). Each row vector in this matrix contains rich contextual semantic 

information for the corresponding token, serving as the initial node features for subsequent modules. 

Although BERT can implicitly learn some syntactic information, explicit syntactic structures 

(like dependency trees) provide unambiguous, structured word-to-word dominance and 

modification relationships, acting as a powerful supplement to semantic information. For this, we 

designed a parallel syntactic path. Using the spacey dependency parsing tool, we parse the raw text 

into a dependency graph 𝐺 = (𝑉, 𝜀). 

To construct a graph structure that both reflects core syntactic dependencies and possesses good 

connectivity, we adopted an enhanced adjacency matrix 𝐴 ∈ 𝑅𝑛×𝑛 construction strategy: 

Aij = {

1 if(vi, vj) ∈ E(preserve core dependencies)

1 ifi = j(add self − loops for self − information)
1 if|i − j| = 1(connect adjacent tokens for robustness) 
0 otherwise 

  (1) 

The considerations for this strategy are as follows: (1) Core dependency edges are the backbone 

of syntactic information;(2) Adding self-loops ensures each node can pass its own information to the 
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next layer during graph convolution; (3) Connecting adjacent tokens is an effective robustness 

measure, compensating for potential “broken chains” when the parser handles complex or non-

standard sentences. 

A key technical challenge that must be addressed is Token Alignment. Due to the mismatch 

between BERT’s sub-word tokenization granularity and the parser’s word-level granularity, we 

implemented a precise alignment algorithm. This algorithm lossless maps word-level dependency 

relationships onto the sub-word sequence’s adjacency matrix, ensuring dimensional consistency and 

semantic correspondence between the semantic feature matrix Hbert and the syntactic adjacency 

matrix A . 

3.3. Syntactic Enhancement Module 

Standard Graph Convolutional Networks (GCNs) use Laplacian smoothing when aggregating 

neighbor information [44], assigning the same weight to all neighbors. This ignores the varying 

contribution of different syntactic dependencies to judging a specific relationship. To address this 

“equal-weight aggregation” limitation, we designed the Self-Attention Graph Convolutional 

Network (SA-GCN). 

In each layer of information propagation, SA-GCN introduces a self-attention mechanism [52–

55]. First, the model still aggregates neighborhood information through a basic graph convolutional 

operation: 

𝐻(1) = 𝐴(1−1)𝐻(1−1)𝑊(1) (2) 
Subsequently, instead of directly passing H (l) to an activation function, it is used as input to a 

multi-head self-attention module. This module computes a context-aware attention weight 

distribution for each node in the graph. This allows the model to “focus” on neighbors with more 

information and higher relevance when updating each node’s representation, thereby achieving 

differentiated, weighted information aggregation. 

In real-world text, a complete dependency tree contains many dependencies that are redundant 

or even irrelevant for judging a specific relationship. Retaining these edges not only increases the 

computational burden but may also introduce noise. To this end, we proposed a dynamic graph 

pruning strategy. After each SA-GCN layer’s computation, we use a small feed-forward network to 

calculate an “importance score”  𝑠𝑖
(1)  for each node. This score reflects the node’s potential 

contribution to the final task in the current semantic and structural context. 

Based on this score, we iteratively remove the nodes (and all their connections) ranking in the 

bottom 20% of scores in each layer. This pruning threshold was determined empirically based on the 

performance on the validation set. Experiments demonstrated that setting the ratio to 20% achieved 

the optimal trade-off between suppressing structural noise and preserving meaningful semantic 

connections. After three pruning layers, approximately 49% of the connections in the graph are 

removed, significantly reducing computational complexity. More importantly, this pruning 

mechanism can be viewed as a form of Structured Regularization. It forces the model to discard minor 

syntactic paths during information propagation and focus on the backbone structure that truly 

defines the core semantic relationship (such as the “subject-verb-object” path), thus effectively 

improving the model’s signal-to-noise ratio and generalization ability, as shown in Figure 2. 
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Figure 2. Syntactic enhancement module. 

3.4. Feature Denoising Module: Residual Shrinkage Network 

Although SA-GCN can focus on important information, the multi-layer propagation nature of 

graph convolution can still cause noise, present in the initial features (originating from BERT 

representation biases or parsing errors) to be amplified and diffused layer by layer. To precisely 

suppress this type of noise, we innovatively introduced the Residual Shrinkage Network (RS-Net), 

as shown in Figure 3. 

Traditional denoising methods often use fixed thresholds that require manual tuning, making it 

difficult to adapt to the vastly different noise distributions of different samples. The core 

breakthrough of RS-Net is its adaptive threshold learning mechanism. It contains a lightweight sub-

network dedicated to learning the threshold. This sub-network first compresses the input feature 

matrix X into a global vector representing the entire sentence’s feature distribution via Global 

Average Pooling (GAP). Subsequently, this global vector is fed into a three-layer MLP. The MLP’s 

output, activated by a Sigmoid function, generates a denoising threshold τ, which is specific to the 

current sample and falls between [0, 1]. 

т = 𝑆𝑖𝑔𝑚𝑜𝑖𝑑 (𝑀𝐿𝑃(𝐺𝐴𝑃(𝑋))) (3) 

This mechanism endows the model with the ability to dynamically adjust the denoising strength 

according to the specific situation of each sample, achieving highly intelligent and personalized noise 

suppression. 

After obtaining the adaptive threshold т, RS-Net employs the soft thresholding function as its 

core denoising operator. It is defined as: 

𝑆𝑜𝑓𝑡𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑(𝑥, 𝜏) = 𝑠𝑖𝑔𝑛(𝑥) ⋅ 𝑚𝑎𝑥(|𝑥| − 𝜏, 0) (4) 
The working principle of this function, derived from signal processing theory, is as follows: it 

treats parts where the feature’s absolute value is less than τ as noise and sets them directly to zero; 

for parts where the absolute value is greater than τ (considered valid signal), it subtracts the threshold 

amount, retaining but “shrinking” them. This approach is smoother than the hard thresholding 

method, which simply clips, and can better preserve the relative strength of the signal. 
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Figure 3. Feature denoising module. 

To ensure the stability of the information flow during the denoising process and to avoid 

gradient vanishing, we embed the soft thresholding operation within a Residual Block. The 

processing flow of the entire residual shrinkage block is: 

𝑌 = 𝑆𝑜𝑓𝑡𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑(𝑀𝐿𝑃(𝑋), 𝜏) + 𝑋 (5) 
The model cascades two such residual shrinkage blocks to perform progressive, deep feature 

purification on the output of the SA-GCN, finally obtaining a high-quality syntactically enhanced 

feature matrix Z. 

3.5. Fusion and Classification Module 

After obtaining the clean semantic features Bert and the refined, syntactically enhanced features 

Z , the model extracts the representations for the entity pair, 𝐞bert  and 𝐞gcn , by applying average 

pooling to the token vectors at the entity locations. Subsequently, an Early Fusion strategy is adopted, 

concatenating these two modal feature vectors and feeding them into a two-layer MLP for deep 

interaction and fusion. This MLP is not only used for dimensionality reduction but, more 

importantly, its non-linear transformation capability allows the model to learn the complex 

complementary and dependent relationships between semantic and structural features, as shown in 

Figure 4. 

 

Figure 4. The overall architecture of the proposed model. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 27 January 2026 doi:10.20944/preprints202601.2029.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202601.2029.v1
http://creativecommons.org/licenses/by/4.0/


 9 of 16 

 

Main Classifier: Receives the deeply fused features fused and undertakes the primary 

classification task. Auxiliary Classifier: Receives only the pure semantic features bert for 

classification. 

The motivation for this design is: the auxiliary classifier provides an additional supervisory 

signal, forcing the semantic encoding part of BERT to maintain its own strong semantic 

discrimination ability throughout the joint training of the entire model. This can be seen as a 

regularization technique, effectively preventing the model’s semantic representation from “drifting” 

while learning syntactic features, thereby enhancing the model’s baseline performance when 

syntactic information is missing or unreliable. The total loss function is a weighted sum of their 

respective cross-entropy losses, using an interpolation weight λ: 

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝜆𝐿𝑚𝑎𝑖𝑛 + (1 − 𝜆)𝐿𝑏𝑒𝑟𝑡 (6) 
In this way, the model balances the advantages of multimodal fusion with the purity of the core 

semantic representation during optimization, achieving an overall performance improvement. 

4. Experiments and Analysis 

4.1. Datasets and Evaluation Metrics 

This paper evaluates the performance of the proposed multimodal fusion relation extraction 

model based on BERT and an adaptive denoising graph network using two datasets: an agricultural 

meteorological disaster corpus collected from authoritative public sources and the widely used 

public dataset DUIE 2.0. 

The agricultural meteorological disaster dataset is constructed by collecting and organizing 

textual data from official and authoritative channels, including governmental meteorological 

agencies, agricultural departments, and publicly released disaster reports. The dataset primarily 

covers information related to various agricultural meteorological disasters, such as droughts, floods, 

frost events, and extreme weather impacts on crops. It is used to assess the model’s robustness and 

generalization ability in a specialized agricultural disaster domain. 

DUIE 2.0, as a large-scale open-domain relation extraction benchmark dataset, is adopted to 

evaluate the proposed model’s performance on general relation extraction tasks and to facilitate fair 

comparison with existing mainstream methods. The scale and key characteristics of the two datasets 

are summarized in Table 1. 

Table 1. Statistical Comparison of Experimental Datasets. 

Dataset Language Classes Train Test Validation Main Features 

Agri-Disaster Chinese 21 8,997 1,126 1124 Domain-specific, complex sentence 
DUIE 2.0 Chinese 49 13,669 3,000 2996 General domain, large-scale 

The agricultural meteorological disaster dataset’s data is primarily sourced from authoritative 

literature such as the “Yearbook of Meteorological Disasters in China.” We used the doccano 

annotation tool, and domain experts performed manual annotation. The final dataset contains 

approximately 11,247 sentences, 110,450 entities, and 67,590 relation instances. 

DUIE 2.0 is a large-scale Chinese relation extraction dataset released by Baidu. Its text sources 

are extensive, including encyclopedias, news, and forums. The language style is colloquial, and it 

contains complex relationships, making it suitable for testing model performance on large-scale, 

general-domain data. The dataset includes 170,000 data entries; we selected 13,669 as the training set 

and 3,000 as the test set. 

Evaluation Metrics: To assess model performance, we use the standard evaluation metrics for 

relation extraction tasks: Precision (P), Recall (R), and F1-score (F1). Their calculation formulas are as 

follows: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
× 100% (7) 
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𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
× 100% (8) 

𝐹1 =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
× 100% (9) 

where TP (True Positives) is the number of positive instances correctly predicted, FP (False Positives) 

is the number of negative instances incorrectly predicted as positive, and FN (False Negatives) is the 

number of positive instances incorrectly predicted as negative. 

4.2. Experimental Environment and Parameters 

The experimental research environment for this paper is based on an Intel(R) Xeon(R) Gold 

6226R processor (CPU @ 2.90GHz), an NVIDIA RTX A6000 GPU, and the Microsoft Windows 10 IoT 

operating system. The experiments use the PyTorch deep learning framework and PyCharm as the 

Python development environment. Specific environment configurations are shown in Table 2. 

Table 2. Experimental Environment. 

Parameter Item Parameter Value 

Operating System Microsoft Windows 10 IoT 

CPU Intel(R) Xeon(R) Gold 6226R CPU @ 2.90GHz 

GPU NVIDIA RTX A6000 

Memory 128GB 

Programming Env Python 3.11 + PyTorch 2.1.1 

4.3. Comparative Experiments and Result Analysis 

To verify the superiority of the proposed model, we selected the following representative 

baseline models for comparison: 

1. R-BERT: A classic BERT-based relation classification model that combines entity information 

with marker representations for prediction, representing the baseline for pure semantic 

methods. 

2. BERT-LSTM: Adds an LSTM layer on top of BERT, aiming to better capture the sequential 

features of the text [56,57]; a representative of sequence enhancement methods. 

3. AGGCN: An attention-guided graph convolutional network, representing advanced technology 

for “soft pruning” on the complete dependency tree; a key baseline for comparison with our 

model’s structured information processing. 

4. BiLSTM-CRF: A classic model widely used in NER and sequence labeling tasks, used to compare 

the effect without using pre-trained models and graph structures [58]. 

Implementation Details: All experiments in this study were completed within the PyTorch 

framework. The model’s core hyperparameter settings were determined through grid search on the 

validation set to ensure experimental reproducibility. (Note: Table 3 mentioned in the original text 

for hyperparameters is provided as “Experimental Results” instead. We present the results table as 

given.) 

Table 3. Experimental Results. 

Model 
Agri-Disaster DUIE 2.0 

F1 (%) R (%) P (%) F1 (%) R (%) P (%) 

R-BERT 84.48 85.92 83.10 91.86 90.72 90.08 

BERT-LSTM 91.28 90.57 90.47 90.28 89.57 89.47 

AGGCN 91.87 91.32 92.59 91.87 91.32 92.59 

Ours 92.84 91.02 90.05 91.51 91.35 90.97 
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4.4. Ablation Study 

To verify the actual contribution of each innovative component in the model, we conducted a 

series of ablation experiments on the Agri-Disaster dataset. The results are shown in Table 4. 

The ablation experiment results clearly reveal the value of each component: 

1. Contribution of GCN: After adding a standard GCN to the BERT baseline, the F1 score slightly 

increased (+2.74%), demonstrating the preliminary effectiveness of introducing syntactic 

structure information. 

2. Contribution of SA-GCN: Adding self-attention pruning (SAG) on top of GCN further improved 

performance (+3.30%), indicating that dynamically pruning irrelevant nodes in the syntactic 

graph can effectively reduce structural noise interference, thus aggregating information more 

precisely. 

3. Contribution of RSN: Adding the Residual Shrinkage Network (RS) to the model led to a 

significant performance leap (+2.32%). To verify that this improvement is not due to random 

chance, we conducted a paired t-test over 5 runs with different random seeds. The results show 

that our model statistically outperforms the baseline (p-value < 0.05). This strongly proves that 

feature-level noise is a key bottleneck affecting model performance. The adaptive soft 

thresholding denoising mechanism of RSN can extremely effectively purify feature 

representations, greatly enhancing classification accuracy. This validates the synergistic effect of 

the “dual denoising” architecture. 

4. Contribution of Interpolation Loss: After replacing the full model’s interpolation loss with a 

standard cross-entropy loss, performance dropped (-0.17%). This shows that the training 

strategy of using an auxiliary classifier for regularization can improve the model’s stability and 

generalization ability, preventing it from overfitting to the noise in the syntactic branch. 

Impact of Sentence Length on Performance: To verify the model’s advantage in handling long-

distance dependencies, we compared the F1 score performance of our model and a pure sequential 

model (BERT) on different sentence lengths. On the DUIE 2.0 and SemEval 2010 datasets, as sentence 

length increased, the performance advantage of our model over BERT became more pronounced. 

Especially when the sentence length exceeded 100, the F1 score improvements reached 1.34% and 

2.17%, respectively. This intuitively demonstrates that by establishing “shortcuts” on the syntactic 

structure via GCN and using the dual denoising mechanism to ensure pure information transmission, 

our model can more effectively capture dependencies between distant entities. 

Table 4. Ablation Study Results. 

Model Variant F1 (%) ∆ 

BERT (Baseline) 84.48 - 

+ GCN (Introduce syntactic graph) 87.22 +2.74 

+SA-GCN (Pruning)  90.52 +3.3 

+ RSN (Full Model)  92.84 +2.32 

Visualization of Noise Suppression Effect: intuitively demonstrated the effect of the dual 

denoising module through confusion matrices. The standard GCN model (left) had more lightly 

colored squares in the off-diagonal regions, representing a higher misclassification rate (noise). After 

adding the SA-GCN and RSN modules (right), the colors in the off-diagonal regions clearly 

deepened, indicating a significant reduction in misclassifications, with the model’s predictions 

becoming more concentrated on the diagonal. This provided qualitative evidence for the effectiveness 

of the dual denoising mechanism. 

Figure 5. Confusion matrices on the Agri-Disaster test set. (a) The baseline model shows 

confusion between similar classes due to noise. (b) The proposed model (Ours) demonstrates a 

sharper diagonal, indicating effective noise suppression and higher classification accuracy. 
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Figure 5. Confusion matrices on the Agri-Disaster test set. 

4.5. Qualitative Analysis 

To concretely demonstrate how the proposed modules (SA-GCN and RSN) improve 

performance in real-world scenarios, we selected a representative complex sample from the Agri-

Disaster dataset for a case study. 

Case Sample: “In late July, the continuous heavy rainfall caused severe waterlogging in the low-lying 

maize fields of Zhoukou, leading to a significant reduction in yield.” (Entity 1: heavy rainfall; Entity 2: 

waterlogging; Relation: Cause) 

· BERT (Baseline) Prediction: None (Incorrect). 

· Analysis: The baseline model failed to capture the relationship because the two entities are 

separated by 6 words, and the sentence contains interfering adjectives like “continuous” and “low-

lying”. The attention mechanism of BERT was distracted by the surrounding noise. 

· Ours (SA-GCN + RSN) Prediction: Cause (Correct). 

· Analysis:SA-GCN contribution: The dependency syntactic tree explicitly connected “rainfall” 

and “waterlogging” through the path rainfall (subj) -> caused (root) -> waterlogging (obj). The SA-

GCN module successfully shortened the semantic distance between the two entities. 

RSN contribution: The adaptive denoising mechanism identified “continuous” and “low-lying” 

as low-information noise features. The soft thresholding operation suppressed these features, 

allowing the model to focus on the core “disaster-consequence” semantic link. 

5. Conclusions and Future Work 

This study proposes a relation extraction model for agricultural meteorological disaster texts 

that integrates BERT, a Self-Attention Graph Convolutional Network (SA-GCN), and a Residual 

Shrinkage Network (RSN). By combining dynamic graph pruning with adaptive feature denoising, 

the model forms a dual-denoising architecture that effectively alleviates long-distance dependency 

and noise interference issues commonly encountered in disaster-related texts. Experimental results 

on a self-constructed agricultural meteorological disaster dataset and two public benchmark datasets 

demonstrate that the proposed approach consistently outperforms existing mainstream methods 

across all evaluation metrics, validating its effectiveness and robustness. 

From an application perspective, the proposed model provides a practical solution for 

automatically extracting high-precision structured relations from large-scale agricultural 

meteorological disaster reports. It can serve as a core component for downstream applications such 

as disaster knowledge base construction, intelligent monitoring of disaster evolution, risk 

assessment, and decision support in agricultural management. By enabling accurate and efficient 
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transformation of unstructured disaster texts into structured knowledge, the model supports timely 

analysis and informed decision-making in real-world disaster prevention and mitigation scenarios. 

Future work will focus on extending the model to document-level relation extraction [59,60] to 

better capture cross-sentence and cross-paragraph dependencies in complex disaster reports. In 

addition, exploring few-shot and zero-shot learning paradigms will further enhance its applicability 

in data-scarce or emerging disaster scenarios. Finally, integrating the proposed model with large 

language models and dynamically constructed knowledge graphs is expected to provide a scalable 

and intelligent framework for continuous disaster knowledge acquisition and advanced intelligent 

services. 
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