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Abstract: Named entity recognition (NER) is a basic but crucial task in the field of natural language 
processing (NLP) and big data analysis. The recognition of named entities based on Chinese is more 
complicated and difficult than English, which makes the task of NER in Chinese more challenging. 
In particular, fine-grained named entity recognition is more challenging than traditional named 
entity recognition tasks, mainly because fine-grained tasks have higher requirements for the ability 
of automatic feature extraction and information representation of deep neural models. In this paper, 
we propose an innovative neural network model named En2BiLSTM-CRF to improve the effect of 
fine-grained Chinese entity recognition tasks. This proposed model including the initial encoding 
layer, the enhanced encoding layer, and the decoding layer combines the advantages of pre-training 
model encoding, dual bidirectional long short-term memory (BiLSTM) networks, and a residual 
connection mechanism. Hence, it can encode information multiple times and extract contextual 
features hierarchically. We conducted sufficient experiments on two representative datasets using 
multiple important metrics and compared them with other advanced baselines. We present 
promising results showing that our proposed En2BiLSTM-CRF has better performance as well as 
better generalization ability in both fine-grained and coarse-grained Chinese entity recognition 
tasks. 
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1. Introduction 

With the vigorous development of big data mining technology, named entity recognition [1–4] 
as the most important subtask of natural language processing (NLP) tasks is playing an essential role 
in many fields driven by data [5–7]. NER systems aim to recognize various entities from a large 
number of unstructured texts according to the required naming types. Early named entity recognition 
tasks focused on a few types of entities. As studies continue, the work based on fine-grained named 
entity recognition [8,9] is becoming more and more popular. However, fine-grained entity 
recognition is more challenging, mainly because this recognition is more difficult and there are few 
high-quality, fine-grained Chinese NER datasets for research [9]. Besides, the recognition of named 
entities in Chinese is more complicated and difficult than in English. This is mainly due to the absence 
of separators in a Chinese text that indicates the boundaries of words, and the recognition effect of 
named entities is greatly affected by the results of automatic word segmentation [10,11]. Besides, 
Chinese often has a phenomenon that a word has multiple meanings, which brings more challenges 
to the recognition of Chinese named entities. 
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Traditional named entity recognition methods are mainly rule-based [11] and statistical 
learning-based [12]. Although these traditional methods are more interpretable, their recognition 
effects depend to a greater extent on the modeling capabilities and rules for specific tasks. In 
particular, the task of fine-grained NER requires higher modeling capabilities of traditional methods. 
In recent years, deep learning-based NER methods [3,13–16] have become dominant and achieve 
state-of-the-art results, since high-performance computers can replace humans to automatically 
extract useful features from unstructured text. Classical deep neural networks such as long short-
term memory (LSTM) networks [17] and convolutional neural networks (CNNs) [18] and their 
variants are very popular and perform well on some specific tasks. However, the limitations of these 
deep neural structures still exist. For example, unidirectional LSTM networks have difficulty 
extracting comprehensive contextual features. Moreover, the CNN structure has a shortcoming in the 
sequence labeling task, that is, it cannot remember the long-term historical information in the Chinese 
text except for the spatial features. To make better use of the contextual information in the text, the 
bidirectional LSTM (BiLSTM) [19–21] structure that can extract contextual features from the opposite 
direction has become the first considered method for named entity recognition tasks in recent years. 
In recent years, methods [21,22] combining conditional random field (CRF) [23,24] models with the 
LSTM networks have achieved great success, mainly because they can use rich hidden information 
and contextual feature information in the process of tagging each location. However, if the structures 
used are relatively simple, the context information of the text cannot be fully utilized. Considering 
that the success of an NER system greatly depends on the selection of input features, we can use the 
existing character semantic information to enrich the input information. The emergence of pre-
training models based on NLP tasks, such as BERT [25], provides researchers with a better method 
of coding the representation of the input.  

In this paper, we propose an innovative neural network model, named En2BiLSTM-CRF, to 
improve the recognition effect of fine-grained Chinese named entities. This end-to-end NER model 
combines the advantages of the pre-trained model, the dual BiLSTM networks, the residual 
connection mechanism [26], and the conditional random field. The proposed model uses a structure 
of three module layers to complete the initial encoding and enhanced encoding as well as decoding 
of the input data hierarchically, thus ensuring that sufficient semantic information and context 
features are used for fine-grained entity recognition tasks. In the initial encoding layer, motivated by 
the idea that performance gains can be achieved by initialized semantic representation provided by 
the pre-trained model, we use the recent ALBERT [27] model to encode our original input. In the 
enhanced encoding layer, we use a combination of two BiLSTM networks to process the encoded 
information output by the previous layer hierarchically. We use the combination of dual BiLSTM 
networks to process the coding information output by the previous layer hierarchically, and then use 
the results of two feature extractions to enhance the re-encoding ability. In the decoding layer, we 
use the softmax [28] algorithm and the CRF model to decode the re-encoded information to calculate 
the most likely recognition probability of the required entities, thus ensuring the effect of fine-grained 
named entity recognition. 

The contributions of this paper can be summarized as follows: 
(1) We propose a universal fine-grained named entity recognition model, En2BiLSTM-CRF, 

which includes three effective modules: the initial encoding module, the enhanced encoding module, 
and the decoding module. Our method can fully characterize and encode the original input 
information, that is, it has powerful encoding and text representation capabilities based on these 
advantages to finish high-precision sequence labeling tasks; 

(2) We use an innovative hierarchical feature extraction and merging method to strengthen the 
feature weight of text sequences. Besides, this novel but uncomplicated method highlights the weight 
of character-level representation. These enhanced representations and weights play an essential role 
in the process of fine-grained entity recognition; 

(3) We conducted sufficient experiments on the latest fine-grained public dataset and another 
classic benchmark dataset. We also used three important indicators on two datasets to compare with 
other advanced baselines. The experimental results show that our En2BiLSTM-CRF model 
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outperforms all the baselines. In particular, the proposed method is more effective in the fine-grained 
tasks, far surpassing other state-of-the-art baselines. Excellent performance on three metrics proves 
the generalization ability and robustness of the proposed model. 

2. Related Work  

2.1. Fine-Grained Named Entity Recognition 

The main goal of the NER task is to extract as many entities of the required types as possible 
from a large amount of unstructured text. From a practical perspective, named entity recognition has 
important application value in many fields [5–7]. The coarse-grained entity recognition task usually 
only needs to extract a few basic entity types, such as the person name, the place names, and the 
organization name. Although fine-grained [8,9] NER has a wider application value, it is also more 
challenging. Due to the inherent characteristics of Chinese, the Chinese named NER task is more 
challenging than English. For example, the effect of Chinese word segmentation [10] seriously affects 
the effect of the NER task, while English does not require word segmentation. Early researchers 
mainly used rules-based and statistical-based learning methods [11,12]. However, the recognition 
accuracy is often not guaranteed. With the development of deep learning technologies, more and 
more researchers use different deep neural network models [13,14] to train entity recognition systems 
and have achieved obvious results. [14] once tried to combine deep learning techniques with 
statistics-based methods. [15,16] used to design NER systems based on convolutional neural 
networks (CNNs). The main principle of the NER model based on neural networks is to semantically 
represent a text by automatically learning the context or spatial features. In addition to deep learning 
models that can effectively learn useful representations and potential factors from raw data, they can 
also be trained in an end-to-end paradigm [3]. Since more and more deep learning methods continue 
to improve on Chinese NER tasks, NER research based on deep neural networks has become 
mainstream. In recent years, widely-used encoders of NER models based on deep learning are 
usually some kinds of neural network structures [29,30]. To reduce training time and training costs, 
transformers [31,32] are sometimes used as encoders for NLP tasks. Further, using one or several 
linear layers in conjunction with softmax or the conditional random field as decoders is still the most 
typical and popular method at present [3,33]. 

2.2. Bidirectional LSTM Networks 

Long short-term memory networks are recurrent neural networks [34] equipped with the special 
gating mechanism that controls access to memory cells [35]. A typical LSTM network achieves 
information protection and control through three gate structures, which are the input gate, the forget 
gate, and the output gate, respectively. Besides, the advantages of these gate mechanisms can 
remember the long-term historical information and forget the unimportant information, so the LSTM 
structure helps solve the problem of gradient disappearance or gradient explosion during model 
training. The BiLSTM [36] structure is a neural network structure including a forward LSTM network 
and a backward LSTM network. Therefore, one of the advantages of the BiLSTM network is that it 
can model the context of sequence data from two directions, thus improving the semantic 
representation ability. However, it is difficult to learn the constraints between characters using the 
BiLSTM network alone, and there will be many invalid prediction labels, that is, when using BiLSTM 
alone, the prediction labels of each element in the sequence are independent of each other, and there 
is no dependency relationship, so the CRF layers will be connected later [19,22]. 

2.3. Pre-Trained Models 

In recent years, the rapid growth of NLP technology has mainly benefited from the concept of 
transfer learning [37] through pre-trained models. Pre-training models refer to training the model on 
a large-scale corpus and then optimizing for a specific task to produce better results. However, pre-
trained models are not omnipotent, but sometimes we can use their strengths, that is, we can use the 
output vector to replace word2vector [38] to pre-encode the input information. As the BERT [25] 
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model has been proposed and achieved great success, research based on pre-trained models has 
received increasing attention. After BERT, some more powerful pre-training models have gradually 
appeared in the field of natural language processing, such as Xlnet [39] and ERNIE [40]. These pre-
training models have different advantages. In particular, the emergence of the ALBERT [27] model 
attracted widespread attention last year, and it is a new model. ALBERT, which is a lite BERT for the 
self-supervised learning of language representations, has the advantage of significantly reduced 
parameters and lower training costs based on a guaranteed performance. Although there is not much 
research on using ALBERT models for detailed downstream tasks, we think this is a trend. 

3. Proposed Method 

In this paper, we propose a deep neural network model named En2BiLSTM-CRF that enhances 
the semantic feature representation capability of encoded information to improve the recognition 
effect of Chinese fine-grained named entities. In summary, this model combines the advantages of 
ALBERT, two BiLSTM networks for feature extraction, and calculating the weight of semantic 
representation hierarchically. At the same time, the CRF model with a dense layer is also used as an 
information decoder because of its advantages in NER tasks. The basic framework of our 
En2BiLSTM-CRF model is shown in Figure 1. In the following, we will introduce the proposed 
method in detail from three parts: the initial encoding layer, the enhanced encoding layer, and the 
decoding layer. 

 

Figure 1. The basic framework of our En2BiLSTM-CRF model. It shows the main process of fine-
grained entity recognition. 

3.1. Initial Encoding Layer 

In this layer, we use ALBERT as the precoding model to initially encode the input information. 
Specifically, we use the pre-trained ALBERT model as a feature extractor to initialize the characters 
in the original corpus, that is, use the feature weights output by this pre-trained model. The 
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advantage is that it provides a richer semantic representation for the input information and reduces 
the cost of model training in the later stage. The original input information after the initialization 
encoding can be directly used as the character embeddings of the enhanced encoding layer. Note that 
if the original input has not been preprocessed, we first need to clean the original data, cut the words, 
and tag the data. The schematic flow of initializing the input in this layer is shown in Figure 2. 
According to the design of our model, if we use function 𝐿 to represent the feature characterization 
of the ALBERT model, and 𝑒 is represented as the encoded feature vector, the relationship between 
them is as shown in 𝑒 = 𝐿 𝑥 . (1) 

where 𝑥  is the j-th character in each input sentence, k accounts for the k-th sentence in the input, 𝑖 accounts for the 𝑖-th dimension in each character represented as an 𝑙-dimensional vector, and ∑ 
accounts for the expansion of the vector dimensions. 

 

Figure 2. An example of input information being processed by the initial encoding layer in the 
proposed model. It shows the schematic flow of initializing the input. 

The structure of ALBERT [27] is similar to that of BERT, which uses multi-layer transformers to 
encode the embeddings in two directions. The ALBERT model also has the cross-layer parameter 
sharing mechanism to significantly improve the parameter efficiency. In this work, we use a tiny 
version of the Chinese pre-trained ALBERT model provided by [41], which is named albert_tiny_zh. 
Compared with the basic BERT model, although the size of this ALBERT is only 16 MB (about 1/25 
of BERT), the training speed and prediction speed are increased by nearly 10 times without a 
significant loss of accuracy. Specifically, the ALBERT model we used just includes four transformer 
layers. 

When using the proposed model, the main reason we consider character-level representations 
as the basic input is that most pre-trained models, including ALBERT, are character-level. Besides, 
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current Chinese word segmentation technologies still have various problems in terms of accuracy. If 
the word segmentation is wrong, it will mislead the model training process. Another obvious 
advantage of character-level representation is that it can naturally handle out-of-vocabulary (OOV). 
Therefore, character-based models can infer the representation of invisible words. 

3.2. Enhanced Encoding Layer 

Normally, the contextual features hidden in the text have a great role in understanding the 
meaning and semantics of entities contained in this text. In this layer, to better contextually model 
the Chinese text containing the named entities to be recognized, we use two BiLSTM networks to 
extract contextual features and sequence information hierarchically. Each BiLSTM network in our 
En2BiLSTM-CRF model includes two LSTM networks in opposite directions. One of the two LSTM 
networks models sentences from beginning to end, while the other network models from back to 
front. After the two LSTMs in opposite directions complete the processing of the sentence, the two 
sets of feature vectors are automatically spliced. Specifically, if H  accounts for the representative 
dimension of the output of the forward LSTM network, and H  accounts for the representative 
dimension of the output of the reverse LSTM network, then the total dimension H of the output of 
this BiLSTM can be expressed as H =  H + H . (2) 

Besides, a residual connection mechanism is also used in our model, which is also called a 
shortcut [26]. To strengthen the feature weights in semantic representation, the feature space trained 
by our first BiLSTM network and the feature space trained by two BiLSTM networks are merged in 
a point-to-point manner. In other words, the merged dimensions are unchanged, only the weight 
values are added. If 𝐸 represents the output of the first layer and W represents the output of a 
BiLSTM network, then the total output 𝐸  of the second layer can be expressed as 𝐸 = W 𝐸 +  W W 𝐸  (3) 

To alleviate overfitting, we follow a dropout layer behind each BiLSTM network. The basic 
structure of this enhanced encoding layer is shown in Figure 3. The weighted feature vectors after 
the residual connection using the merge operation (the shortcut) are used as the input of the decoding 
layer.  

In this work, each BiLSTM network we use contains 128 units, which can convert the specific 
feature representation dimensions into 256 dimensions. In other words, no matter what the input 
dimension of each BiLSTM is, we use 128 units to convert it to 256 dimensions. 
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Figure 3. The basic structure of the enhanced encoding layer in the En2BiLSTM-CRF model. 

3.3. Decoding Layer 

In the decoding layer, when the output of the previous layer enters this layer, it is first processed 
by a dense neural network. The number of output units of the dense network should be the same as 
the number of all labeled types of the named entity to calculate the probability using the softmax 
function. Then, we use the CRF model to calculate the most likely categories of named entities. The 
CRF used in our model can add some constraints to ensure that the final prediction result is effective, 
and these constraints can be automatically learned by the CRF layer when training data. The input 
dimension of the dense layer in the enhanced encoding layer needs to match the output of the second 
layer. Besides, the output of the dense layer depends on the number of categories. For example, if the 
output dimension of the enhanced encoding layer is 256 and the number of labeled categories is 22, 
then the size of the input and output dimensions of the dense layer are 256 and 22. 

3.4. Hyperparameters of the Proposed Model 

In this section, we describe the hyperparameters used in the proposed En2BiLSTM-CRF model. 
We use a tiny pre-trained ALBERT model [41] (version: albert_tiny_zh) to encode the input 
information, and the input is represented as 312-dimensional vectors. In this model, we use two 
BiLSTM networks with the same parameters (128 units), and they can convert the input feature 
representation dimensions into 256 output dimensions. We also use a dropout rate of 0.1 and use 0.01 
as the default learning rate. In addition, the idea of the viterbi algorithm is used in the CRF layer to 
calculate the optimal solution. To clearly show details of the proposed method, we show the input 
and output shapes of each processing module in the entire model in Figure 4. Where “len” accounts 
for the length of the input, “batchsize” accounts for the number of batches during training, and 
“number of tags” means the types of sequence labeling of the text in the corresponding dataset. To 
ensure that the output dimension of each BiLSTM is 256, we set the number of units in these two 
BiLSTM networks to 128. 
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Figure 4. Input and output parameters of the proposed model. 

4. Experiments and Settings 

4.1. Dataset Description 

In this paper, we use two very representative and convincing real-world datasets to evaluate the 
effect of our work. These two datasets with different characteristics can well reflect the real 
performance of the proposed model. In all experiments, we use the training set for model training 
and verify the effect and performance of models on the test set. 

4.1.1. CLUENER2020 

CLUENER2020 [9] is the latest fine-grained Chinese named entity recognition dataset. It is a 
well-defined fine-grained pubic dataset containing up to 10 named entity types, that is more 
challenging than other existing datasets. In particular, the corpus content of this dataset is Chinese 
news, which mainly includes the following ten entity types: movie, scene, book, address, position, 
government, company, name, organization, and game. It is easy to find that these entity types are 
very practical and important types in text information extraction tasks. What is commendable is that 
there are few such fine-grained specialized data sets. Detailed information about CLUENER2020 is 
shown in Table 1. The distribution of each entity included in its 1434 test set is shown in Table 2. 

Table 1. Description of two representative datasets. 

Dataset Categories Train Test Size 
CLUENER2020 10 10,748 1,343 13 kB 

People's Daily Ner Corpus  3 20,864 4,636 23 kB 
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Table 2. Detailed entity distribution in two test sets. 

Dataset Test Entity Support 

CLUENER2020 1,343 

movie 
book 

government 
company 
position 

scene 
organization 

name 
address 

game 

150 
152 
244 
366 
425 
199 
344 
451 
364 
287 

People's Daily Ner Corpus 4,636 
PER 
LOC 
ORG 

1864 
3658 
2185 

4.1.2. People's Daily Ner Corpus 

The People's Daily Ner Corpus [42] is a very classic named entity recognition dataset. Since it is 
a benchmark dataset, it is often used by researchers to evaluate the effect of NER tasks. Although the 
People's Daily Ner Corpus only includes three types of entities (location, organization, and person 
name), it can still reflect the effect of the model well due to a large number of samples and the 
standard of data labeling. Through this dataset, we can verify whether our En2BiLSTM-CRF model 
still performs well in a dataset that contains fewer entity types. Detailed information about this 
dataset is shown in Table 1. The distribution of each entity included in its 1434 test set is shown in 
Table 2. 

4.2. Evaluation Metrics 

To verify the effect and performance from multiple aspects, we selected three important metrics 
(precision, recall, and F1-score) to evaluate these Chinese named entity recognition tasks.  
• Precision 

Precision refers to how many positive samples are true positive samples; 
• Recall 

The recall indicates how many of the positive samples in all samples were predicted correctly; 
• F1-score 

The F1-score is a comprehensive indicator, which is the harmonic average of precision and recall. 
Therefore, it is more commonly used in various NER tasks. 

If we make the following regulation: TP refers to the number of positive samples predicted as 
positive samples, TN refers to the number of negative samples predicted as negative samples, FN 
refers to the number of positive samples predicted as negative samples, and FP predicts the number 
of actual negative samples as positive samples; then, the calculation methods of the above three 
metrics can be expressed using the following formulas: Precision = TPTP + FP (4) Recall = TPTP + FN (5) F1score = 2 × Precision × RecallPrecision + Recall  (6) 

4.3. Baselines 

In this paper, we compare the proposed method with several representative and advanced 
baselines. Furthermore, we also compared the existing advanced methods reported on these two 
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datasets. By comparing with so many advanced methods, we can objectively evaluate the real 
performance of the proposed method. 

4.3.1. ALBERT + BiLSTM + CRF 

BiLSTM + CRF is a very classic and effective deep neural network architecture for sequence 
tagging tasks, that uses a single-layer BiLSTM network. To this day, the model is still widely used in 
various natural language processing tasks including the NER task. ALBERT + BiLSTM + CRF refers 
to encoding the input of the model with the output of the pre-trained model ALBERT to enhance the 
ability of the BiLSTM + CRF model. Like our En2BiLSTM-CRF model, it uses a dense network layer 
with softmax as the activation function. 

4.3.2. ALBERT + CRF 

This baseline uses ALBERT to encode the input and is processed by the dense network layer 
before using CRF to decode the information. This is also a sequence-to-sequence model. 

4.3.3. ALBERT + BiLSTM 

This model uses ALBERT to encode the input of the model and uses a single-layer BiLSTM 
network to extract features and uses softmax as the classifier after the dense layer processing to 
output the most probable results. 

4.3.4. BiLSTM-CRF-NER 

BiLSTM-CRF-NER [9] is a BiLSTM-CRF model structure [19] that does not use a pre-trained 
model to encode input sentences. In theory, the method of using the pre-trained model for 
information encoding is often better than the method without the pre-trained model. 

4.3.5. BERT-NER 

BERT [9,25] is a pre-trained model based on transformers, which is characterized by the pre-
training mechanism and fine-tuning on specific natural language processing tasks to obtain the 
desired effect. 

4.3.6. RoBERTa-NER 

RoBERTa - NER [9,43] is also a pre-training model with excellent performance, which has been 
improved and retrained based on BERT. This model enhances computing power, so the effect may 
be better. 

4.3.7. Human Performance 

Human performance refers to the use of manual recognition to compare with the results of 
machine recognition. The related paper [9] reported the results of manual performance on the 
CLUENER2020 dataset. In the process of manual evaluation, the provider of this dataset [9] adopts a 
two-stage method like the machine learning method: the training stage and the testing stage. It is 
generally believed that human intelligence and cognition are better than computers. However, the 
results show that artificial performance is not as good as deep neural network models, which is quite 
different from our expectations. According to [9], the main reason for this situation is that human 
annotators learn too few cases compared with machines. In addition, it may be difficult for human 
annotators to become familiar with a large number of entity definitions in a short time. 

4.3.8. BiLSTM_Model 

The BiLSTM_Model [36,44] refers to a model that uses a BiLSTM neural structure to identify 
named entities. The baseline can be filled into the input embedding layer using a random 
initialization method or the encoded output of pre-trained models like BERT and ERNIE, among 
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others. The performance of this baseline and the BiLSTM_CRF_Model on the People's Daily Ner 
Corpus has been reported by [44]. 

4.3.9. BiGRU_Model 

Similar to the previous model, this baseline [44] also uses a bidirectional structure named the 
gated recurrent unit (GRU) [45] network to implement the named entity recognition task. The 
performance of this baseline on the People's Daily Ner Corpus also has been reported by [44]. It can 
also use the encoding results of different pre-trained models to fill its character embedding layer. 

4.3.10. BiGRU_CRF_Model 

The input of this baseline [44] is provided to two GRU networks in opposite directions, and its 
output is determined by the two unidirectional GRU networks. Moreover, this model combines the 
advantages of the GRU network and the CRF probability model. The performance of this baseline on 
the People's Daily Ner Corpus also has been reported by [44]. 

4.4. Experimental Settings 

The software environment we use includes Tensorflow 1.13.1, Keras 2.2.4, and Python 3.5.6. 
Besides, the graphics card used in our entire experiment was NVIDIA GeForce RTX 2080 Ti, and only 
one GPU was used. During the model training process, we set the batch size of our En2BiLSTM-CRF 
to 16 and set Adam (default learning rate: 0.01) as the optimizer. Additionally, we used the CRF 
[23,24] for loss calculation during model training. To take care of all input samples as much as 
possible, we set the input length as 128, and the length of the output was set to 22 and 8 on these two 
datasets, respectively. In addition, the batch size of the input of the model during training was set to 
16. These two original datasets used in the experiment can be obtained from the corresponding 
references. 

5. Results and Discussion 

We have implemented sufficient and necessary evaluation experiments on the above two 
representative data sets, and the results of these experiments are valid and convincing. Experimental 
results using all three metrics on the datasets show that our En2BiLSTM-CRF method performs better 
than the advanced baseline. Furthermore, the advantages of our proposed method in the task of fine-
grained named entity recognition are more obvious, showing a strong fine-grained entity recognition 
capability. In addition, the experimental results on another dataset with a larger sample size and 
fewer entity types can also reflect the powerful performance and versatility of our method on coarse-
grained tasks. The specific comparative experiment results are shown in Tables 3 and 4. In this 
section, we will discuss the experimental results from the perspective of overall performance and 
detail performance. 

Table 3. Comparison with different baselines on CLUENER2020. 

Method Precision Recall F1-score 
ALBERT + BiLSTM + CRF 0.8876 0.8270 0.8555 

ALBERT + CRF 0.8094 0.6120 0.6936 
ALBERT + BiLSTM 0.7736 0.8132 0.7925 

Our En2BiLSTM-CRF 0.9156 0.8337 0.8720 
BiLSTM-CRF-NER 0.7106 0.6897 0.7000 

BERT-NER 0.7724 0.8046 0.7882 
RoBERTa-NER 0.7926 0.8169 0.8042 

Human Performance 0.6574 0.6217 0.6341 
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Table 4. Comparison with different baselines on the People's Daily Ner Corpus. 

Method Precision Recall F1-score 
ALBERT+BiLSTM+CRF 0.9674 0.9229 0.9446 

ALBERT+CRF 0.8315 0.6974 0.7580 
ALBERT+BiLSTM 0.9455 0.9096 0.9270 

Our En2BiLSTM-CRF 0.9784 0.9306 0.9538 
BiLSTM_Model (Random Init) N/A N/A 0.74147 

BiLSTM_CRF_Model (Random Init) N/A N/A 0.81378 
BiGRU_Model (Random Init) N/A N/A 0.74375 

BiGRU_CRF_Model (Random Init) N/A N/A 0.82516 
BiLSTM_Model (BERT) N/A N/A 0.92727 

BiLSTM_CRF_Model (BERT) N/A N/A 0.94013 
BiGRU_Model (BERT) N/A N/A 0.92700 

BiGRU_CRF_Model (BERT) N/A N/A 0.94319 
BiLSTM_Model (ERNIE) N/A N/A 0.93109 

BiLSTM_CRF_Model (ERNIE) N/A N/A 0.94460 
BiGRU_Model (ERNIE) N/A N/A 0.93512 

BiGRU_CRF_Model (ERNIE) N/A N/A 0.94218 

5.1. Overall Experimental Results and Discussion 

The experimental results are sufficient to show that the proposed methods surpass the current 
advanced and representative baselines in both fine-grained entity recognition tasks and coarse-
grained entity recognition tasks. Our En2BiLSTM-CRF model can recognize at least ten Chinese 
named entity types, showing that the proposed method has more obvious advantages in fine-grained 
Chinese entity recognition tasks. In particular, the results on two different types of real-world 
datasets can show that our method has strong encoding–decoding capabilities, deep-level feature 
extraction capabilities, and a wide range of generality. 

On the CLUENER2020 dataset, the proposed model outperforms the ALBERT + BiLSTM + CRF 
model using a single-layer BiLSTM network in all three indicators and far exceeded other baselines. 
It can be seen from Table 3 that when using ALBERT as a pre-training model to encode the input 
information, the effect is also far better than when this encoding is not used. Moreover, although both 
RoBERTa-NER and BERT-NER are advanced models, the effect and performance of this fine-grained 
dataset are not as good as our En2BiLSTM-CRF model. 

On the People's Daily Ner Corpus, the proposed method also outperforms all the baselines, 
although this advantage is not very obvious. We think the main reason is that it is a coarse-grained 
dataset that is less challenging than a fine-grained dataset, so most of the baselines also perform well. 
The results on this dataset also show that the use of ALBERT for information encoding is better than 
BERT and is evenly matched with ERNIE. Since some baselines have only been reported with F1-
scores on this dataset, we use N/A to mark their precision and recall rates. However, this will not 
affect the experimental conclusions. In fact, researchers are accustomed to using only F1-score to 
evaluate the overall performance of the NER models because the F1-score already includes the 
precision and the recall, so it is more convincing and comprehensive. 

Considering that the effect of using the pre-trained model alone based on experience and 
existing knowledge is probably not as good as the combined use of the pre-trained model and other 
methods, we currently did not compare BERT and RoBERTa on the second dataset. We will 
supplement these experiments to understand the effect of these two baselines on this dataset in future 
research. 

5.2. Detailed Results and Discussion 

We also implemented statistics and a display of the test results of each entity on each data set. 
These statistical recognition results are shown in Figures 5 and 6. The refined prediction results can 
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help us analyze the detailed performance of the proposed model when identifying entity types with 
different data distributions. 

 
Figure 5. Statistical recognition results on CLUENER2020. 

 
Figure 6. Statistical recognition results on the People's Daily Ner Corpus. 

Involving all ten named entities on CLUENER2020, our method is very sensitive in identifying 
“scene”, “government”, and “position”. However, the performance in identifying “game” is not as 
sensitive as other entities. We suspect that the name of many games is often random and irregular, 
so it is more challenging to recognize. The test results on the People's Daily Ner Corpus show that 
the recognition of “person” is relatively more sensitive than the recognition of “location” and 
“organization”. This may be related to the distribution and number of samples for each entity type. 

6. Conclusions 

In this paper, an innovative deep neural network model is proposed for Chinese named entity 
recognition tasks. This model named En2BiLSTM-CRF provides a new idea for researchers to solve 
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the problem of fine-grained entity recognition. Besides, this model combines the advantages of some 
popular methods and advanced mechanisms. It can encode the information to be processed multiple 
times and extract features hierarchically. Further, we use three important indicators to compare with 
some of the most advanced baselines on two representative datasets, proving the remarkable effect 
of the proposed method on the fine-grained Chinese named entity recognition task. In the future, we 
will continue to study the effect of the proposed method on other sequence labeling tasks, and study 
its mechanism from the perspective of interpretability. 
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