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Abstract


Named-Entity Recognition (NER) as a core task in Natural Language Processing (NLP) aims to automatically identify and classify specific types of entities from unstructured text. In recent years, the introduction of Transformer architecture and its derivative BERT model has pushed the performance of NER to unprecedented heights. However, these models often have high requirements for computational power and memory resources, making it difficult to train and deploy them on small computing platforms. Although ALBERT as a lightweight model uses parameter sharing and matrix decomposition strategies to reduce memory consumption to some extent consumption, it does not effectively reduce the computational load of the model. Additionally, due to its internal sharing mechanism, the model’s understanding ability of text is reduced leading to poor performance in named-entity recognition tasks. To address these challenges, this manuscript proposes an efficient lightweight model called GoalBERT. The model adopts multiple fusion technologies by integrating a lightweight and efficient BiGRU that excels at handling context into part of the Transformer’s self-attention layers. This reduces the high computational demand caused by stacking multiple self-attention layers while enhancing the model’s ability to process context information. To solve the problem of gradient disappearance and explosion during training, residual connections are added between core layers for more stable training and steady performance improvement. Experimental results show that GoalBERT demonstrates recognition accuracy comparable to standard models with accuracy surpassing ALBERT by 10% in multi-entity type scenarios. Furthermore, compared to standard models, GoalBERT reduces memory requirements by 200% and improves training speed by nearly 230%. Experimental results indicate that GoalBERT is a high-quality lightweight model.
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1. Introduction


Named-Entity Recognition (NER) is one of the most fundamental and core tasks in Natural Language Processing (NLP). Its primary objective is to identify entities within a sentence or text segment and accurately classify these entities according to predefined categories, such as persons, locations, and organizations [1]. The effectiveness of NER models directly influences the feasibility of downstream tasks, including question-answering systems [2], text summarization [3], and relation extraction [4]. In addition to basic entity recognition, modern NER tasks must address complex nested structures, where shorter entities are embedded within longer ones in a sentence [5]. Moreover, different linguistic characteristics, such as variations in tokenization due to language differences, add to the complexity of constructing a robust NER model [6]. The increasing complexity of models also demands substantial GPU computing power and memory, making it challenging to perform comprehensive deployment and targeted training on personal computers [7]. Facing these problems, new models are continuously proposed to adapt to the current named-entity recognition environment.



With the increasing length of the text, the ability to understand context becomes more important. Using LSTM and GRU networks effectively enhances contextual understanding. However, as a single-directional recurrent neural network, it cannot comprehend the semantic impact of subsequent text on preceding text. Therefore, improved models such as Bi-LSTM and Bi-GRU bidirectional RNN have been developed [8]. These models not only enhance contextual dependencies but also consider the influence of subsequent text on preceding relevant entity statements, thereby improving overall accuracy. However, the training speed of RNN models is affected by their temporal nature. When trained without restrictions on extremely long texts, errors at each time step are updated through backpropagation, which gradually multiplies weights by chain derivatives leading to issues like vanishing or exploding gradients [9]. Convolutional Neural Networks (CNNs) offer a solution to these problems by leveraging the weight-sharing advantage of convolutional kernels, which reduces computational complexity during data transmission. By allowing multiple convolutional kernels to operate in parallel, CNNs significantly accelerate the training and fitting process [10]. Further analysis suggests that since NER is inherently a classification task, an independent inference module can be added after text feature extraction to present multi-classification results probabilistically. However, if not properly constrained, this approach can still produce incorrect outputs, neglecting the dependencies between labels [11]. Therefore, incorporating Conditional Random Fields (CRF) to learn cross-label dependencies and enhance the validity of model output is a crucial step. Nevertheless, CNNs are not without limitations; when applied to text processing, their focus on local information within a segment may lead to a failure in capturing long-range dependencies between sentences in lengthy texts, resulting in the loss of important sentence-level features.



Consequently, both convolutional neural networks (CNNs) and recurrent neural networks (RNNs) have shown limitations as text datasets grow larger. While incorporating attention mechanisms is effective in enhancing the handling of long texts, it does not fundamentally resolve the issue of inadequate processing capabilities during the word embedding phase [12]. The Transformer, however, utilizes self-attention mechanisms to capture dependencies at any position in a sequence, improving computational efficiency and better-capturing dependencies in long-text sequences [13]. Additionally, in the Transformer, each sub-layer (self-attention and feed-forward networks) is equipped with skip connections and layer normalization, which prevents gradient explosion or vanishing gradients, stabilizes the training process, and accelerates convergence [14]. Nevertheless, the BERT model, which is based on the Transformer, is not without its flaws. Its exceptional performance is due to its high model complexity, leading to substantial computational resources and memory consumption during training. Moreover, BERT requires a vast amount of data for training to effectively learn the complex patterns within the self-attention mechanism, which makes it prone to overfitting in the absence of sufficient datasets.



In response to these challenges, many scholars have sought to improve the current NER (Named-Entity Recognition) environment by proposing a series of lightweight models. Among these, the ALBERT model is one of the most used [15]. ALBERT reduces the total parameter count by employing parameter decomposition and sharing mechanisms, thus decreasing memory requirements during training. However, parameter sharing restricts each layer from independently learning different feature representations, which can limit the model’s expressiveness in complex language tasks. On the other hand, although the overall reduction in parameter count reduces memory demands, it does not decrease the computational load required for processing long texts, and the issue of prolonged model training times persists.



To address the issues, this manuscript proposes a high-performance, lightweight model named GoalBERT. This model utilizes government-related datasets for pre-training on unannotated text, thereby enhancing its ability to understand text within the public administration domain. Furthermore, it employs a BiGRU model to improve contextual comprehension while reducing computational load by one-third compared to BiLSTM. The BiGRU layers are integrated into the Transformer architecture, partially replacing the self-attention mechanism to further decrease computational demands. Additionally, BiGRU processes sequential information step-by-step, which is more efficient than the global computations required by self-attention, thereby accelerating overall model training speed. For model training, we have incorporated residual connections to enhance fitting efficiency and prevent issues such as gradient explosion and vanishing gradients. We also implemented a weight-sharing strategy to reduce the data requirements, thereby lowering the barriers to model training. These features enable our model to be trained and deployed with lower computational load and memory usage while maintaining a high level of accuracy. Through experiments, it is shown that the GoalBERT model proposed in the manuscript can complete model training and deployment with relatively small performance and memory costs and can be deployed on small computing terminals or edge computing power.



The rest of the manuscript is organized as follows: Section 2 reviews recent advances in NER task models. Section 3 provides a detailed description of our GoalBERT model. Section 4 presents the testing and comparative evaluation of the model. Section 5 offers concluding remarks and discusses future work, followed by references at the end of the manuscript.




2. Related Work


The concept of Named-Entity Recognition (NER) originates from the term “Named Entity” (NE), which was formally recognized at the Sixth Message Understanding Conference (MUC-6) in 1996 as a means of “unique identification of entities”. Prior to this, L.F. Rau introduced the idea of extracting entities from text in 1991 [16]. Over the following two decades, the definition of named entities continued to be a topic of debate. Petasis et al. argued that entities should be strictly limited to biological species, opposing the expansion of the entity scope [17]. In contrast, Alfonseca and Manandhar advocated for a broader scope of entities, suggesting that entities could be designed to fit specific needs, allowing for quick and precise recognition of entities within a text to address specific problems [18]. The current definition of entities is a result of this expansion, where the range and types of entities can be customized according to different contexts and requirements, making NER applicable across various industries. Today, Named-Entity Recognition (NER) has become an essential foundational task in many fields, including information extraction, machine translation [19], question–answer systems, and summarization. Its adaptability in defining custom entities has extended its applications to areas such as cybersecurity [20], biomedicine [21], public administration [22], and history [23], where distinguishing, storing, and applying entities is crucial. These achievements demonstrate that NER technology not only drives advancements in natural language processing but also ensures high efficiency and accuracy in data processing across these industries.



It is mainly achieved using rule-based and dictionary-based methods. As the amount of data increased, the construction and addition of rules and dictionaries became increasingly time-consuming and labor-intensive. Consequently, these methods were quickly replaced with the rise of machine learning. Hidden Markov Models (HMM) and Support Vector Machines (SVM) became the mainstream approaches for handling such classification tasks at the time [24]. However, machine learning relies heavily on manually designed features, which typically require experts and significant amounts of time to develop. Moreover, in cases involving longer and more complex texts, the effectiveness of statistical machine learning is quite limited, as methods such as Conditional Random Fields (CRF) or Markov processes generally use fixed windows or simple rules to capture context [25]. The advent of neural networks broke this deadlock. Early work, such as AlexNet, utilized a Convolutional Neural Network (CNN) to extract sentence features, circumventing the limitations of statistical machine learning’s fixed windows. These networks dynamically extracted features from sentences and fed the information into a CRF model through internal loss functions, thus opening a new chapter for integrating deep learning into natural language processing [26]. Huang was inspired by the way Recurrent Neural Networks (RNNs) handle sequential information and combine it with the CRF model, integrating a Long Short-Term Memory (LSTM) network with CRF to achieve better results than CNNs. Miao YL and colleagues considered that sentence information should not be processed solely from a forward perspective. Therefore, they added a backward LSTM to the original LSTM model, forming a Bidirectional Long Short-Term Memory network (BiLSTM), which achieved better performance in combination with the CRF model [27]. Sornlertlamvanich et al. further enhanced the BiLSTM-CRF model by incorporating a Convolutional Neural Network (CNN) to jointly accomplish the NER task through both feature extraction and sequence information processing [28]. Mo.Y integrated the attention mechanism into the model, which improved the understanding of complex semantic features and increased the accuracy of NER tasks [29]. These were incremental explorations from the model perspective, while from the input layer perspective, Benali BA initiated work at the embedding layer to process text and introduced the attention mechanism to highlight certain features of the original text, improving subsequent models’ feature extraction capabilities [30]. With the advent of the Transformer architecture, Wada et al. employed the BERT model with a Transformer structure that uses a bidirectional Transformer with self-attention mechanisms to extract contextual information. They utilized a unique encoding system to encode sentences, enabling subsequent models to capture more detailed information and yield favorable results in NER tasks in the biological field. Zhou and colleagues further proposed MacBERT based on BERT, introducing the concept of synonyms and a new masking strategy better suited for the Chinese language. They also replaced the original next sentence prediction (NSP) task with a sentence order prediction (SOP) task, which emphasizes fine-grained relationships between sentences [31]. Given that BERT’s masking strategy uses predetermined masks to make the training sentences as similar as possible during each iteration, it allows the model to repeatedly learn from similarly masked sentences to improve performance but also restricts the diversity of training data to some extent. From this perspective, Yiming proposed RoBERTa, a model more suited for Chinese, with a dynamic masking mechanism that re-masks during each training iteration, significantly increasing the diversity of training data and the breadth of contextual information [32]. RoBERTa has achieved better results than BERT in most NLP-related tasks.



With advancements in computing power and the increasing demand for entity recognition in complex sentences, the size of language models has been steadily growing. These models are trained with a larger number of parameters and more diverse datasets to improve their performance. However, as these models continue to develop, their performance improves, but the computational burden also grows. For example, the current RoBERTa model has become challenging to train and deploy on personal PCs due to its high computational requirements. This situation has driven research into lightweight models, encouraging many scholars to explore this area. One of the more prominent examples is the ALBERT model proposed by Google, which reduces the total number of parameters through parameter decomposition and reuse and more effectively captures inter-sentence semantic relationships via sentence order prediction. Nevertheless, in practical applications, the ALBERT model still faces challenges related to limited representational capacity and high computational load. This manuscript aims to address the limitations of the ALBERT model by introducing the GoalBERT model, which provides a high-quality, lightweight solution. GoalBERT tackles the issues that ALBERT does not solve, significantly reducing computational load and memory requirements while minimizing the impact of any resulting performance degradation, thereby achieving a high level of lightweight optimization.




3. Methods


With advancements in computational power and the increasing demand for entity recognition in various complex sentences, the size of language models has been gradually expanding. More and more scholars need to train and deploy language models on personal PC devices. With the continuous increase in model parameters, the standard model can no longer be trained and deployed on a general PC. Many scholars have started working on lightweight models for running on general devices. Although Google’s ALBERT model has effectively improved the memory requirements by utilizing some methods, it still faces issues such as low recognition accuracy and poor model expressiveness in practical applications. To address these problems, this manuscript introduces GoalBERT, a high-quality and lightweight model designed to overcome the limitations of ALBERT. The GoalBERT model effectively solves the problems that ALBERT has not solved, greatly reducing computational load and memory requirements while minimizing the impact on performance degradation, truly achieving high-level model lightweighting.



The GoalBERT model proposed in this manuscript draws on the parameter processing techniques of the ALBERT model. As a lightweight model, ALBERT utilizes techniques such as matrix decomposition and parameter sharing to significantly reduce memory requirements. However, the overall complexity of the model remains unchanged, meaning that although ALBERT requires less memory, the total training time and computational load are not substantially reduced. Building on this foundation, GoalBERT achieves both reduced memory usage and decreased computational load while accelerating training time. At the parameter processing stage, the GoalBERT model adopts the same strategy as the ALBERT model by modifying the embedding layer processing method of the standard BERT model. It uses factorization to decompose the embedding matrix into two smaller matrices. Since there is no interaction between words during the initial projection and interactions only occur in the subsequent attention layers, the one-hot encoded vectors are first projected into a lower-dimensional space and then mapped to the required dimension. This approach not only broadens the network but also significantly reduces the parameters in the first mapping, thereby alleviating memory pressure. Figure 1 and Figure 2 illustrate the one-hot encoding process of the BERT and GoalBERT models.



To observe the difference between the two models from a formulaic perspective, the parameter calculation formula for the BERT model in Figure 1 is   O   V × H    ; in this,   V   represents the size of the vocabulary, and   H   is the dimension of the hidden layer. Whereas the formula for ALBERT in Figure 2 is   O   V × E + E × H    ; in this,   E   is the dimension of the word embedding matrix in the matrix decomposition process. Taking the base version of BERT as an example, with a hidden size of 768 and a vocabulary size of 30,000, the number of parameters is 768 × 30,000 = 23,040,000. If ALBERT’s matrix decomposition method is applied, using a small matrix for the first projection, and assuming the embedding dimension is 128, the number of parameters becomes 128 × 30,000 + 128 × 768 = 3,938,304. The difference in parameters between the two is 19,101,696, approximately 19 M. This shows that matrix decomposition can effectively reduce the number of parameters.



On the other hand, GoalBERT uses a parameter-sharing strategy within the model, sharing weights across different but structurally similar parts of the model. This approach reduces the total number of parameters. In the Transformer’s modules, each layer uses the same set of parameters. These two strategies significantly decrease the overall number of parameters in the model, which, in turn, partially reduces its memory requirements. However, employing ALBERT’s strategy does not actually lower the computational resources needed, as the computational load of each Transformer layer mainly depends on the self-attention mechanism and the feed-forward network, both of which are unrelated to the number of parameters. Therefore, the computational complexity of each layer remains unchanged. Furthermore, regarding training time, the model’s overall training process is like that of BERT, with the computational loads for forward and backward propagation largely the same as those of the standard BERT model. Simply reducing the number of parameters does not substantially decrease training time. Additionally, the parameter-sharing mechanism limits the model’s ability to learn from more diverse textual content simultaneously, resulting in a significant reduction in accuracy for entity recognition tasks on long texts. In summary, the parameter-sharing and matrix decomposition strategies mainly reduce the model’s memory requirements, allowing deployment on devices with limited memory capacity. However, they do not significantly reduce the actual computational load or overall training time compared to the original BERT, and the model’s performance sharply declines when processing long texts, making it less suitable for high-quality NER tasks.



To thoroughly address the issues of ALBERT’s model strategy not genuinely reducing computational load and not significantly decreasing training time, we focused on the internal structure of the model. After analysis, it became clear that most of the computational load is occupied by the Transformer modules within the model, which contain numerous self-attention layers. These layers, requiring extensive computational power and memory support, are a major source of the burden. Therefore, we adopted a multi-fusion approach by replacing some of the self-attention mechanisms with BiGRU layers while maintaining the total number of layers in the model. This approach reduces the overall computational load required by the original Transformer modules. On the other hand, the excellent gating mechanism of BiGRU effectively handles long-range dependencies, thereby enhancing the model’s ability to process long texts. This technique can simultaneously utilize both past and future information to capture the global context. The structure of the GRU consists of an update gate and a reset gate: the update gate determines how much of the previous time step’s information should be retained in the current hidden state and how much new information should be accepted, while the reset gate decides how much of the previous time step’s information should be forgotten when calculating the candidate hidden state at the current time step. The GRU’s update process is shown in Equations (1)–(4).
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Among them,     z   t     is the update gate,     r   t     is the reset gate,       h   t    ~    is the candidate state, and     h   t     is the current state.



We employ a multi-integration approach to combine BiGRU with the Transformer, fully leveraging the global information capture capability of the Transformer model and the local pattern capture ability of BiGRU. This enhances the model’s feature representation and generalization capabilities. Compared to the traditional method of integrating BiGRU at the Transformer output, our approach significantly improves the model’s expressive power. By combining BiGRU with the self-attention mechanism of the Transformer, the model’s understanding and expression of complex semantics are further enhanced. In contrast, the traditional integration method only allows a limited amount of data to be processed for feature extraction by BiGRU, thereby failing to fully utilize the complementary strengths of both components. The multi-integration approach also utilizes the Dropout mechanism in BiGRU to mitigate the risk of overfitting that exists in the layer-to-layer processing of the original model. In our model structure code, we introduced a num_layers parameter to control the number of integrations between BiGRU and the Transformer. Figure 3 provides a schematic diagram based on a num_layers value of 2, which facilitates understanding.



In addition to feature integration, we also incorporated residual connections into the model’s structure. The core idea of residual connections is to introduce direct pathways within one or more layers of the network, allowing the output of these layers to include both the non-linear transformation features and the unprocessed input features. The purpose of this approach is to enable the network to learn the residuals between the input and output processes rather than learning the entire mapping directly. This helps the overall gradient to flow more effectively during training, significantly reducing the problem of vanishing gradients in deep networks.



In deep neural networks without residual connections, the input to each layer is entirely dependent on the output of the previous layer. This means that, regardless of whether the preceding results are correct, they are fully used in the calculation of the next layer. This can not only degrade the overall model performance due to errors in certain layers but also lead to severe issues like gradient explosion as the number of layers increases. In a network layer where the input is   x  , the non-linear transformation   F   x     produces the output. However, with the introduction of residual connections, the output becomes   F   x   + x  , considering both the input value itself and the residual output, rather than relying solely on the original input. As   F   x     approaches zero, the output increasingly reflects the residual output, which enhances the model’s training speed and accuracy.



Figure 4 provides a further illustration of the residual connections, which preserve more details and semantic information from the original text by bypassing the non-linear processing. This approach allows the model to learn at deeper levels while ensuring that issues such as vanishing gradients and exploding gradients are avoided, making the training process deeper, more reliable, and more stable. Finally, to enhance the feature extraction capability of the GoalBERT model in specific professional domains, we performed masked language modeling on unannotated government-related professional texts. This approach improves its ability to capture details within specialized domains, thereby ensuring accuracy in subsequent tasks. Through the methods outlined above, the GoalBERT model achieves high recognition accuracy while genuinely reducing computational load, further enhancing the model’s deployability.




4. Experiment


4.1. Data Annotation


In the current environment with high memory and computing power requirements, this manuscript has designed the GoalBERT lightweight model, which can achieve several times faster training speed improvement and several times memory saving compared to the BERT model, while also achieving higher recognition accuracy. The experimental hardware and software testing platforms involved in this manuscript are shown in Table 1.



4.1.1. Dataset Statement


This manuscript proposes the GoalBERT model with lightweight characteristics to solve the named-entity recognition task and utilizes features such as residual connections in the model. Therefore, a high-quality dataset is crucial. After comparing numerous datasets and considering factors such as professional domains and moderate difficulty, the CLUENER2020 dataset was used. This dataset can be directly obtained from the Internet [33] or from the GitHub address provided in this article.




4.1.2. The Presentation of Dataset Information


In this study, the tokenization process involved converting the dataset’s JSON files into text files annotated according to the BIO scheme, where each line contains a character and its corresponding BIO label for efficient data processing. In this scheme, “B” denotes the beginning of an entity, “I” represents the intermediate or end part of an entity, and “O” indicates non-target entity parts [34]. The processed data were then split into a training set and a test set in an 8:2 ratio. The CLUENER2020 dataset is a Chinese fine-grained named-entity recognition dataset. It was created by selecting part of the text data from the open-source dataset THUCNEWS and performing fine-grained annotation. Due to its fine-grained annotation, each entity category is relatively specific, which helps demonstrate the model’s high accuracy in specific domains. The dataset is divided into 10 different categories, including Organization, Name, Address, Company, Government, Book, Game, Movie, Position, and Scene. Given the specificity of these entity types, there is no need for further detailed descriptions in the paper; the number of entities in each category is provided in Table 2.





4.2. Experimental Configuration


During the training process of the model, detailed configuration is performed on the parameters in Table 3. Specific parameters such as learning rate will be dynamically adjusted using an optimizer to optimize model performance. To reduce the risk of overfitting, various strategies are adopted by this model, such as using the Dropout mechanism, AdamW optimizer, and cosine annealing scheduler. These methods together ensure normal fitting of the model and avoid problems caused by overfitting.



In the experiment, a Dropout rate of 0.3 was selected, which enhanced the model’s performance and speed while avoiding overfitting. The AdamW optimizer was used for adaptive dynamic adjustment of the learning rate. The parameter num_layers represents the number of times BiGRU is integrated with the Transformer layers through multiple fusions. We compared different test results with values ranging from 2 to 4 and ultimately selected 3 based on a comprehensive evaluation of the final F1-Score, memory usage, and training time. When the number of fusions is set to three, it maximizes the advantages of multi-fusion without excessively consuming memory space.




4.3. Experimental Details Processing


To enable real-time observation of whether the model’s performance has room for further improvement or has already reached its optimal level during training, we designed a method to evaluate the test set continuously throughout the training process. This approach allows us to monitor the model’s performance on the test set in real time and make necessary adjustments promptly. Additionally, we compared the weighted F1-Scores from each training epoch and retained the best F1-Score achieved. These practices enable us to quickly identify instances where model performance may be suboptimal due to design flaws.




4.4. Experimental Results and Analysis


To demonstrate that the proposed GoalBERT model significantly reduces computational and memory demands while maintaining model performance, we tested our model against several established NER models. These include the BiLSTM-CRF model introduced by Chiu, J; the CNN-BiLSTM model proposed by Sornlertlamvanich, which combines convolutional and recurrent neural networks; and several BERT-based NER models, such as the baseline model BERT-base-Chinese [35], the Med-BERT model proposed by Liu, which utilizes pre-training on medical corpora [36], the BERT-IDCNN-BiLSTM-CRF model by Xu [37], which replaces CNN with an iterative dilated convolutional neural network system [38], and the ALBERT benchmark model [39] and the RoBERTa series models, which are trained on larger corpora. These comparisons were conducted to provide a precise and comprehensive analysis. For evaluation, we used the standard metrics of accuracy, recall, and F1-Score. Since the F1-Score represents a weighted calculation of accuracy and recall, it was selected as the final metric. The results are presented in Table 4.



To better illustrate the performance of different models, a line chart is used to display the F1-Score in the above results.



Figure 5 visually illustrates the different F1-Scores of multiple models. From Figure 5, we can observe that the overall performance of the current GoalBERT model has surpassed that of BERT-based models in NER tasks, indicating that it is well suited for NER tasks in various domains. Additionally, compared to the pre-training process of other models, the GoalBERT model utilizes a weight-sharing strategy, which allows it to achieve faster training speeds and better data efficiency during the same pre-training process as the BERT model. Regarding pre-training strategies, GoalBERT replaces BERT’s NSP task with SOP, resulting in superior contextual understanding capabilities compared to the BERT model. Moreover, it significantly outperforms traditional BiLSTM-CRF and CNN-based models. Although it is slightly inferior to the RoBERTa-WWM model, which has very high memory requirements, it is on par with the standard RoBERTa model. These results demonstrate that the GoalBERT model is capable of meeting NER task requirements in specialized domains with minimal memory and computational cost.




4.5. Model Training Time and Memory Comparison


In Section 4.4, we mentioned that our GoalBERT model is slightly inferior to the RoBERTa-wwm model, which has a very high memory consumption, but is on par with the standard RoBERTa model. However, these comparisons are based solely on the final performance metrics and do not consider GPU computational requirements and memory demands. Our GoalBERT model, while achieving high accuracy, is designed for lightweight training. Table 5 presents the training results obtained on the same GPU (NVIDIA 4090 24 GB). Some models were set with a batch size of less than 200 because the required memory exceeded the GPU’s capacity. If memory sharing is used across the GPU, it can significantly slow down the model’s training speed; therefore, the batch size must be controlled during model training. The specific batch sizes, memory usage, and training times are detailed in Table 5. In this context, xx represents a time that has no reference significance.



In the table above, to illustrate the differences in memory requirements under equivalent conditions, we utilized system memory to observe the total memory required for the same batch size. Since system memory was used, the training time is significantly longer than it would be if conducted entirely on the GPU, so the training time is not considered in some cases. According to Table 5, the proposed GoalBERT model requires more than 50% less memory than the BERT model for the same batch size and can reduce the training time by half. When compared with the RoBERTa model, GoalBERT reduces memory usage by two-fold and halves the training time. For more advanced models, the advantages are even greater. In comparison with the ALBERT model, we observed that the GoalBERT model, due to the use of residual connections and the multi-fusion BiGRU approach, completes training in a shorter period.




4.6. Melting Experiment


In this manuscript, we propose the GoalBERT model, which incorporates the BiGRU method within the Transformer architecture. This approach significantly enhances the model’s ability to understand long texts and learn sentence feature information. Additionally, the use of residual connections ensures that the model is not affected by issues such as gradient explosion and vanishing gradients during training. Table 6 presents the performance of the model without the BiGRU integration and without residual connections when handling the same tasks. In the table, Precision refers to the proportion of actual positive instances among those predicted as positive by the model, while Recall refers to the proportion of correctly predicted positive instances out of all actual positive samples. The F1-score is the harmonic mean of precision and recall, which considers the balance between these two metrics. The calculation formula for the F1-score is shown in Equation (5).


  F 1 - S c o r e = 2   ∗      P r e c i s i o n   ∗   R e c a l l   P r e c i s i o n + R e c a l     



(5)







As shown in Table 6, the model without the BiGRU integrated into the Transformer faced challenges with long texts, particularly when dealing with longer entity types such as Address and Government, resulting in a lower overall F1-Score. In the model without residual connections, the absence of these connections prevented the network from capturing deeper-level information, thereby reducing the model’s representational capacity. In summary, these findings demonstrate that the GoalBERT model achieves high-level lightweight efficiency.




4.7. Future Work


The model proposed in this manuscript significantly improves performance based on the ALBERT framework while maintaining low-memory and computational requirements during training. These enhancements stem from our modifications to the original model’s Transformer layers. The performance improvements achieved in this study have increased our interest in further refining the existing Transformer architecture. In the future, we will continue to explore lightweight models for different natural language processing tasks, attempting new models based on the Transformer architecture or the Mamba architecture. Additionally, although current large language model technology cannot be deployed on personal computers, in future, we will still attempt to fine-tune training for LLM on personal PCs. In any case, we will continue to strive to provide more advanced and effective models for different natural language processing tasks.





5. Conclusions


In this manuscript, we propose a lightweight Named-Entity Recognition (NER) model, GoalBERT, based on a multi-fusion approach. This model is both lightweight and efficient, employing a multi-fusion strategy in which BiGRU layers replace part of the self-attention layers within the Transformer. This design enhances the model’s ability to process long texts and extract sentence features, while simultaneously reducing computational load and accelerating training speed without changing the total number of layers in the model’s architecture. Experimental results show that, compared to other lightweight models, GoalBERT effectively reduces computational demands, shortens training time, and maintains a relatively high recognition accuracy. Furthermore, we also introduced residual connections between key layers to prevent issues such as vanishing or exploding gradients during training, ensuring a more stable and reliable training process. These enhancements demonstrate that GoalBERT achieves a high level of lightweight efficiency while minimizing performance loss relative to standard models. It improves the efficiency of training and deployment and provides an effective and feasible solution for implementing NER technology in resource-constrained environments, thus laying a foundation for its broader application.
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Figure 1. BERT model One-hot process. 
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Figure 2. GoalBERT model One-hot process. 
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Figure 3. Multiple Fusion Comparison Chart. 
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Figure 4. Residual connection diagram. 
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Figure 5. F1-Score comparison chart. 
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Table 1. Experimental hardware and software configuration.
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	Hardware (Software) Name
	Configuration Information





	CPU
	Intel® Core i7 14700 KF



	GPU
	RTX 4090 24 G



	Memory
	128 G



	Hard drive
	4 TB



	Operating system
	Windows 11



	Development language
	Python 3.9.19



	Develop framework
	PyTorch 2.1



	Pycharm
	2024.3










 





Table 2. CLUENER2020 NER dataset entity statistics results.
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	Entity Category
	Entity Quantity





	Organization
	3263



	Name
	3898



	Address
	3042



	Company
	3090



	Government
	1937



	Book
	1208



	Game
	2509



	Movie
	1194



	Position
	3305



	Scene
	1576










 





Table 3. Hyperparameter Settings.
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	Parameter Name
	Numerical Value





	Dropout
	0.3



	EMBEDDING_DIM
	768



	HIDDEN_SIZE
	512



	TARGET_SIZE
	21



	LR
	2 × 10−5



	Batch size
	200



	EPOCH
	300



	Optimizer
	AdamW



	Weight decay
	1 × 10−4



	Scheduler
	Cosine Annealing



	Num_layer
	3










 





Table 4. Model Performance Comparison.
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	Model
	P (%)
	R (%)
	F1 (%)





	Miao YL [33]
	61.49
	62.11
	61.80



	Sornlertlamvanich [18]
	63.41
	64.66
	64.03



	BERT-base-chinese [40]
	65.88
	67.10
	66.48



	Liu [41]
	66.92
	67.43
	67.17



	Zhou [39]
	71.26
	72.31
	71.78



	Xu [37]
	75.46
	77.33
	77.86



	Albert [15]
	65.19
	66.82
	66.99



	RoBERTa [42]
	79.29
	81.21
	80.24



	RoBERTaWWM [42]
	81.45
	80.98
	81.21



	GoalBERT
	80.66
	80.31
	80.42










 





Table 5. Comparison of model training time and memory requirements.
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	Model
	Batch_Size
	Memory
	Time





	Bert-base
	150
	25 GB
	24.5 H



	Bert-base
	200
	31 GB
	xx



	RoBERTa
	100
	26 GB
	28 H



	RoBERTa
	200
	43 GB
	xx



	BERT-BiLSTM-CRF
	150
	27 GB
	28.5 H



	BERT-BiLSTM-CRF
	200
	33 GB
	xx



	RoBERTaWWM (large)
	50
	23 GB
	41 H



	RoBERTaWWM (large)
	200
	68 GB
	xx



	ALBERT
	200
	15 GB
	19 H



	GoalBERT
	200
	16 GB
	10.5 H










 





Table 6. Melting Experiment Evaluation Index Values.
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	Model
	Precision (%)
	Recall (%)
	F1 (%)





	GoalBERT (without BiGRU)
	68.91
	67.15
	68.01



	GoalBERT (without Residual connection)
	71.25
	70.96
	71.10



	GoalBERT
	80.66
	80.31
	80.42
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