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AIP: A Named Entity Recognition Method Combining

Glyphs and Sounds

BO LIU, Faculty of Information Technology, Beijing University of Technology, Beijing, China and School

of Mathematical and Computational Sciences, Massey University, Palmerston North, New Zealand

ZHUO SU, Faculty of Information Technology, Beijing University of Technology, Beijing, China

GUANGZHI QU, Computer Science and Engineering Department, Oakland University, Rochester, MI,

USA

In recent years, a large number of Chinese electronic texts have been produced in the process of information

construction in various fields. Identifying specific entities in these electronic texts has become a major re-

search focus. Most existing research methods use radicals to extract the glyph features of Chinese characters

but have seen its limitation. This paper extracts the features of Chinese characters from three aspects: glyph

features, phonetic features, and character features, and improves conventional feature extraction methods

for each kind of feature. A new named entity recognition method (AIP) is proposed by transforming Chinese

characters into corresponding images for glyph feature extraction, dividing pinyin into initials, vowels, and

tones for phonetic feature extraction, and fine-tuning the A Lite Bert model for character feature extraction

to improve the performance of the model. This paper compares the performance of the AIP model and main-

stream neural network models on Chinese named entity recognition tasks on commonly used data sets and

the data sets in specific domains. The results showed that AIP achieved better results than the related work.

The F1 values on the two data sets are 94.4% and 80.5%, respectively, which validates the model’s versatility.
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1 INTRODUCTION

In recent years, the rapid development of the Internet and the gradual acceleration of the construc-
tion of an information society has put forward higher requirements for the modernization system
of various industries. As part of the construction of the information system of various industries,
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Fig. 1. The evolution of the Chinese word “�”.

the number of relevant Chinese electronic texts is increasing. How to extract some key informa-
tion contained in Chinese electronic texts through technical means has important research value
for the information and decision-making assistance of various industries. With the development
of information technology, named entity recognition based on natural language processing has
become a research hotspot in academia.
Chinese characters, as a kind of hieroglyph, have gone through a long development process. A

very important point that differentiates Chinese from English characters is that Chinese contains
rich glyph information which could be used for feature extraction.
Due to the particularity of Chinese characters that are different from English, many scholars

have begun to study how to better capture the characteristics of Chinese characters. Some scholars
have proposed to use the radicals of Chinese characters for Chinese named entity recognition
tasks [1]. However, this method only captures a part of glyph features of Chinese characters, thus
it is hard to capture the whole glyph features of Chinese characters thoroughly. At the same time,
if the pinyin is coded as a whole, the pronunciation characteristics of Chinese characters are not
fully reflected.
For example, in the Figure 1, the word “�” in Chinese, which can be seen from the appearance

of the word “�” invented by the ancients in the early days, was imitated by the ancients observing
the scene in reality. The word “�” is a pictophonetic character and related compound words. It
means to penetrate from the heart, with the meaning of worry as piercing. If only the radical
features are extracted, the radical of the word “�” is “�”, which only reflects the heart, but does
not reflect the original meaning of the word “�”.
Each Chinese character has its pinyin, which is an important factor reflecting the pronunciation

of Chinese characters. If the pinyin is coded according to the composition rules of pinyin, it can
reflect the pronunciation characteristics of Chinese characters to a certain extent. For example,
“�” and “�” are both modal auxiliary words. One of their pinyin is “á” and the other is “ó”. Their
pinyin composition is all single vowels, and the tones are all two tones, expressing the meaning
of exclamation.
80% of Chinese characters are phonetic and semantic compound words, and their phonetic and

semantic parts provide awide range ofmeanings [18]. How to better extract features from the com-
ponents of Chinese characters and learn semantic representations has become the main research
topic of this article.
This paper proposes a new model AIP to better capture the characteristic information of words

and improve the recognition efficiency. The glyph and phonetic information of the characters are
extracted in a brand-new way, and the four layers that are the most effective for named entity
recognition by ALBERT are spliced and optimized, and finally, a brand-new network structure is
formed to recognize Chinese text entities.
The contributions of this article are summarized as follows:

(1) Chinese characters are a long-standing language and a kind of pictographic character.
Traditional feature extraction methods such as radical strokes cannot fully capture the
glyph features of Chinese characters. This article converts Chinese characters into images
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and adopts the denser DenseNet model, which can fully capture the glyph features of
Chinese characters from a more vivid angle. Since the pre-trained model has undergone
training on a large-scale dataset, which has better generality, passing the formed images
through the pre-training model solves the problem of lacking Chinese training data to a
certain extent.

(2) If the entire pinyin of Chinese characters is coded in the phonetic feature extraction of
Chinese characters, the similarity between pinyin pronunciations cannot be thoroughly
utilized. The similarity between pronunciations can also capture the correlation between
characters to a certain extent. This article proposes a new encoding method where the
pinyin is not coded as a whole block, but unpacked into initials, vowels, and tones ac-
cording to the pronunciation components for coding, which better captures the phonetic
features of Chinese characters.

(3) Different BERT layers can obtain different levels of semantic and syntactic information.
For the named entity recognition task performed by BERT, this work chooses the lighter
ALBERT. The cropping and fine-tuning of the ALBERT model not only has little effect
on the semantic ability of the model, but also has some improvements on it, and at the
same time, the number of model parameters and reasoning time are greatly reduced. This
paper selects and splices the four important layers in the named entity recognition task
in ALBERT, realizes the fine-tuning of the ALBERT model, and improves the performance
of the model.

(4) The good recognition results of the model on the Chinese named entity recognition data
set were verified on multiple data sets, and the effects of commonly used models were
compared on different training sets and test sets.

In summary, the advantage of the proposed model lies in the analysis of the characteristics
of Chinese characters from three aspects, i.e., glyph features, phonetic features, and character
features, and the potential semantic information of Chinese characters is well extracted.

2 RELATEDWORK

In the field of named entity recognition, early named entitymethodswere based on linguistsmanu-
ally setting rule templates to perform pattern matching, thereby classifying entity types [2]. Later,
as related models in the field of machine learning were proposed, various methods of machine
learning began to be applied in this field. The named recognition problem is generally regarded
as a sequence labeling problem [26] with machine learning methods, where the conditional prob-
ability of the label sequence under the condition of the input sequence is usually modeled, and
then the collected annotated corpus is used for feature learning and model parameter training.
Finally, in the prediction stage, the trained model is used to identify the named entities in the un-
labeled corpus. Traditional machine learning methods mainly use the Hidden Markov model and
conditional random fields. Usually, a node is used to represent one or a group of random variables,
and the edges between nodes represent the probability relationship between variables. Fu et al.
performed Chinese named entity recognition based on lexical HMM, unifying unknown words
and known words into the task of marking the sequence of known words [3]. CRF could define a
wider feature set and set any weight value, which is improved compared to HMM. Many scholars
have conducted research on the task of Chinese named entity recognition based on the CRF model
[4, 5]. With the further development of deep learning, some scholars began to apply the RNN
structure to the field of named entity recognition and proposed a special RNN structure: LSTM
structure [6]. Zhiheng Huang et al. proposed a two-way LSTM-CRF model for sequence labeling.
For the first time, the BiLSTM+CRFmodel was used for sequence labeling tasks and the best results
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were obtained, which opened the prelude to the era of deep learning for named entity recognition
[7]. Based on the idea of BiLSTM-CRF, many scholars have proposed various improved versions
based on the structure of BiLSTM-CRF. For example, Xuezhe Ma and Eduard Hovy proposed an
end-to-end two-way LSTM-CNNS-CRF model at the ACL 2016 Conference [8].
In ACL 2018, Yue Zhang and Jie Yang proposed a Chinese named entity recognition method

based on lattice LSTM, introduced vocabulary enhancement to solve the Chinese named entity
recognition problem, and used dictionary information to enhance the effect of named entity recog-
nition [9]. Some scholars use CNN structure instead of RNN to do Chinese named entity recogni-
tion to solve the problem that RNN structure cannot be processed in parallel and cannot fully utilize
GPU. For example, Tao Gui, Ruotian Ma, et al. proposed a CNN-based LR-CNN model with a re-
thinking mechanism [10], and Yuying Zhu et al. proposed a CAN network based on convolutional
attention networks and gated recurrent units for Chinese named entity recognition [11]. Liu, Li,
et al. compared named entity recognition methods based on words and phrases. The experimental
results showed that the word-based named entity recognition method has better performance than
the phrase-based ones [12, 13]. Lu, Dong, and others have adopted a word-based entity recognition
scheme [1, 14]. In recent years, the mainstream method of named entity recognition is to use the
pre-training model represented by BERT [15]. Yu et al. used BERT-BiLSTM-CRF to obtain better
experimental results, surpassing the previous mainstream methods [16].

In the aspect of Chinese characters, some scholars have also conducted certain research on rad-
icals. Sun et al. proposed to use a feedforward neural network and used Chinese radical features
as a supervised tag training word embedding [17]. Y. Li et al. presented a model that used charac-
ter glyphs to enhance character feature representation [18]. Y. Wu et al. depicted a radical neural
network RCBC to use the radical features of Chinese characters for Chinese named entity recog-
nition [19]. X. Shi et al. represented a “radical embedding” technique and adopted Word2Vec to
pre-train the radical vector [20]. In addition, some researchers extract the glyph features of Chi-
nese characters from their graphic aspects. Meng et al. proposed GLYCE, the glyph-vectors for
Chinese character representations. They treated Chinese characters as images and used CNNs to
obtain their representations [27]. FGN was proposed by Xuan et al. On the one hand, a new CNN
structure was proposed, called CGS-CNN. On the other hand, a method with a sliding window and
Slice-Attention to fuse the BERT representation and glyph representation for a character was pro-
vided [28]. Recently, some scholars paid attention to not only the glyph features but also the pinyin
features of Chinese characters. Sun et al. proposed ChineseBERT, starting from the two charac-
teristics of Chinese characters themselves, and integrating the glyph and pinyin information of
Chinese characters into the pre-training process of Chinese corpus [29].

3 METHOD

3.1 AIP Model

In order to address the existing problems, this paper proposed a novel method named AIP

(ALBERT-IMAGE-PHONETICMODEL) for Chinese named entity recognition. This section first
elaborates the overview of the AIP model (as seen in Figure 2), and then separately illustrates the
three parts of the model, including the extraction of character features, glyph features, and pho-
netic features.
The whole model is composed of four parts, including three parallel branches (the glyph feature

extraction part, the phonetic feature extraction part, the character feature extraction part), and the
final model prediction part.
First, the texts of Chinese characters are converted into images. After conversion, we reconstruct

the image size so that each Chinese character corresponds to an image with the size 224*224. Then,
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Fig. 2. Overview of the AIP model.

the processed Chinese character images were passed through the pre-trained DenseNet121 model
and each Chinese character image was converted into a 1024-dimensional vector.
Second, each character’s pinyin is divided into initials, finals, and tones according to its com-

ponents and one-hot encoding is performed according to their respective types. Each Chinese
character is converted into a 64-dimensional vector after one-hot encoding. To prevent the feature
from being ineffective due to too small dimensions, we have added a dense layer, so that each
Chinese character will be converted into a 512-dimensional vector after extracting the phonetic
feature.
Third, the text information is converted into 3072-dimensional vectors one by one by fine-tuning

the pre-trained model, that is, fusing the last four layers of the ALBERT model.
Finally, the feature vectors obtained from the three parts are spliced, then the BiLSTM-CRF

model is adopted to train the processed vectors, and finally the entity labeling is obtained.

3.2 DenseNet

Many researchers have done in-depth development on the semantic representation of Chinese,
mainly focusing on the radicals of Chinese characters. But we found that the similarity of Chinese
characters themselves is more correlated than the radicals, so this study intends to capture the cor-
relation between similar characters by taking each Chinese character as a whole image. However,
the traditional CNN model is not ideal for extracting local features [21], so this study intends to
use the closely connected convolutional network DenseNet to capture the features in the Chinese
character feature map while suppressing the problem of overfitting to a certain extent.
DenseNet [22] proposes a denser connection mechanism: that is, all layers are connected to

each other. Specifically, each layer accepts all the previous layers as its additional input. If the
convolutional network has a shorter connection between the layer close to the input and the layer
close to the output, then training through this convolutional network can be more in-depth and
effective. Figure 3 shows the dense connection mechanism of DenseNet. Each layer is connected
with all previous layers in the channel dimension and used as the input of the next layer. For an
l layers network, DenseNet contains a total of l (l + 1)/2 connections. As shown in Figure 3, the
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Fig. 3. DenseNet network structure [22].

outstanding advantage of DenseNet is to alleviate the disappearance of gradients, strengthen the
propagation of features, and greatly reduce the number of parameters [22].

The corresponding formula (1) is used to express:

xL = Hl ([x0,x1, . . . ,xl−1]) (1)

The l layer accepts the feature maps of all previous layers x0, x1, . . . , xl−1 as input. Among them
[x0, x1, . . . ,xl−1] refers to the splicing of feature maps from layer 0 to layer l − 1. Hl is defined
as a compound operation of three consecutive operations, including a series of batch normal-

ization (BN), modified linear unit (RELU), and 3*3 convolution operation. In this research, the
characters in the Chinese character library are drawn one by one to form a 224*224 pixel picture,
and then feature extraction is performed through the tightly connected DenseNet model to form
a 1024-dimensional vector for subsequent stitching and input.

3.3 Albert

BERT applications have achieved satisfactory results in various natural language processing
projects and are widely used in Chinese named entity recognition tasks. However, the pre-training
model BERT has the problem of excessive parameters. In order to reduce the parameters required
in BERT, scholars proposed the ALBERT model, which requires fewer parameters and is more
suitable for engineering tasks compared with BERT [23].
The results obtained at different layers of BERT often represent different grammatical and se-

mantic information. Studies have shown that fine-tuning BERT on the text task does not greatly
affect the results of the experiment and can make better use of BERT for text tasks. Choosing
different layers of models has different effects in text tasks, and the top layer has the best effect
[24].
Similar to BERT, the results obtained by different layers of the lighter ALBERT also output dif-

ferent semantic information. This paper selects the model ALBERT that requires fewer parameters
and selects the last four layers of ALBERT as the result of fine-tuning, to extract character features
for this recognition task.
The maximum sentence length of ALBERT is 512. We segmented the experimental text accord-

ing to the maximum length of 500. If the sentence length is greater than 500, we segmented the
sentence with a period, question mark, exclamation mark, etc. to formmultiple training sentences,
and added “[SEP]” mark in front of the sentence and “[CLS]” mark at the end of the sentence ac-
cording to the requirements of ALBERT input sentence, and finally input it into the fine-tuned
ALBERT model for character feature extraction. Since we selected the last four layers in ALBERT,
the training data will form a 768*4 = 3072 dimensional vector after passing ALBERT.
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Fig. 4. Pinyin coding diagram.

Fig. 5. LSTM model [7].

3.4 Pinyin

Pinyin represents the pronunciation of Chinese characters. Pinyin plays an irreplaceable role in
the composition of Chinese characters. The process of literacy is a process of learning pinyin.
Through pinyin, we can recognize new characters and gain the ability to learn Chinese characters
independently. Pinyin can be divided into initials, vowels, and tones. The three parts are combined
to form the pronunciation of a Chinese character. Taking the Chinese character “�” as an example,
its pinyin is “huàn”, the initial is “h”, the vowel is “uan”, and the tone is “ˋ”. Many Chinese named
entity recognition tasks used pinyin as a feature. If the pinyin is coded as a whole, the pronuncia-
tion characteristics of the Chinese characters themselves will be ignored. Therefore, this research
starts from the relevance of the pronunciation of Chinese characters, divides the pinyin coding
into initials, vowels, and tones for coding, so as to better restore the pronunciation of Chinese
characters and better capture the correlation between the pronunciation of Chinese characters,
and finally forms a 64-dimensional vector after encoding, as shown in Figure 4.

3.5 BiLSTM-CRF

The RNNmodel was applied to named entity recognition tasks in 1997. Based on its characteristics,
RNN can predict the current output based on long-distance elements [7]. But in practice, it tends to
favor the latest input of the sequence [25]. Later scholars proposed the LSTM network, as shown in
Figure 5. The introduction of the gate memory mechanism, using memory cells, has the powerful
function of capturing long-distance dependence.
The specific formula is as follows:

it = σ (Wixt +Uiht−1 + bi ) (2)

ft = σ (Wf xt +Uf ht−1 + bf ) (3)

˜Ct = tanh (Wcxt +Ucht−1) (4)
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Fig. 6. BiLSTM model [7].

ot = σ (Woxt +Uoht−1 + bo ) (5)

Ct = ft � Ct−1 + it � ˜Ct (6)

ht = ot � tanh (Ct ) (7)

Here σ is the logistic regression function, and i, f , and o are input gate, forget gate, and output
gate, respectively. x is the current input, W and U are the weight matrix, C is the cell state, and h

is the hidden state.
The LSTMmodel can better capture the long-distance dependency but cannot capture the infor-

mation from the back to the front, so BiLSTM is often used to capture the dependency in the front
and back directions. BiLSTM [7] is composed of forward LSTM and backward LSTM. To make
better use of past and future information, we will splice the left-to-right LSTM network and the
right-to-left LSTM network to get a two-way LSTM network, as shown in Figure 6.
The CRF [30] model could learn the contextual dependencies of sentences, and the introduction

of the CRF model after the BiLSTM model can strengthen the constraints to ensure that the final
recognition and prediction effect is more effective. For example, the beginning of named entity
recognition should be b-entity instead of i-entity, and the middle should be i-entity instead of b-
entity. Adding a layer of CRF model after the BiLSTM model could effectively avoid these errors
and add effective constraints to the final predicted label. The BiLSTM-CRF model is shown in
Figure 7.
The CRF loss function is expressed by the following formula:

LossFunction =
Pr ealpath

P1 + P2 + · · · + Pn (8)

The CRF loss function consists of two parts, the score of the real path and the total score of all
paths. The score of the real path is the highest of all the paths. During the training process, the
parameter values of the model will be continuously updated with the iteration of the training
process, making the ratio of the real path larger and larger.

4 EXPERIMENTS

4.1 Data Sets

This article uses two data sets to train and test the proposed model. One is a part of the widely
used MSRA data set, and the other is a field-specific data set: the medical named entity recognition
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Fig. 7. BiLSTM-CRF model [7].

Table 1. The Distribution of Each Entity
in the MSRA Data Set

Entity category Number Percentage
NS 6037 0.44
NT 4077 0.30
NR 3541 0.26

data set in the CCKS2020 Chinese electronic medical record medical entity and event extraction
task.
The MSRA data set includes three naming types, NS (LOCATION), NR (PERSON), and NT

(ORGANIZATION). This data set is labeled with BMES, in which B represents the beginning of
an entity, M refers to the interior of an entity, E is the result of an entity, O represents an external
element, and S denotes the word that can be used as an entity alone.
The CCKS2020 medical named entity recognition data set includes six named types:

DIS(DISEASE), OPE(OPERATION), POS(POSITION),MED(MEDICINE), LAB(LABORATORY), and
SCR(SCREEN). This data set is labeled with BIOES, in which B represents the beginning of an en-
tity, I describes the interior of an entity, E is the result of an entity, O refers to an external element,
and S represents the word that can be used as an entity alone.
The distribution of the training set entities of the two data sets is shown in Tables 1 and 2.

4.2 Evaluation Index

This experiment intends to use P (precision rate), R (recall rate), and F1 value to evaluate the results
of this model and other comparable models on the data set. The specific calculation formulas are
as follows:

P =
TP

TP + FP
(Precision)

R =
TP

TP + FN
(Recall )

F =
2P × R
P + R

(F1)
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Table 2. The Distribution of Each Entity
in the CCKS2020 Data Set

Entity category Number Percentage
DIS 6004 0.30
POS 6782 0.34
MED 2731 0.14
LAB 1797 0.09
SCR 1466 0.07
OPE 1256 0.06

Table 3. Comparison of F1-Score
on MSRA Data Set

Model F1-score
BERT-BiLSTM-CRF 93.1
ALBERT-BiLSTM-CRF 92.7
Lattice-LSTM 90.1
ChineseBERT 93.6
AIP-BiLSTM-CRF 94.4

Where TP represents the number of correct predictions for positive cases, FP shows the number
of prediction errors for negative cases, TN reveals the number of correct predictions for negative
cases, and FN indicates the number of prediction errors for positive cases.

4.3 Experimental Result

In the experiment, the ratio of training samples to test samples is 10:1, and the training-related
settings are as follows: batch_size is set to 32, the learning rate is set to le-4, the training optimizer
is set to Adam, and the loss function is selected as the loss function of CRF.
To validate the performance of the proposedmodel, the ALBERT-BiLSTM-CRFmodel, the BERT-

BiLSTM-CRF model, the ChineseBERT model, and the Lattice-LSTM model are used as the base-
lines. The ALBERT-BiLSTM-CRF model and the BERT-BiLSTM-CRF model convert text to vectors
using pre-trained ALBERT and BERT models, respectively, and then use BiLSTM-CRF model to
train the processed vectors and finally complete the entity tagging. The Lattice-LSTM [9] model
uses a dynamic network structure fused with word and vocabulary information to solve the
Chinese named entity recognition problem. The ChineseBERT [29] integrates the glyph and pinyin
information of Chinese characters into the Chinese pre-training model to do Chinese named entity
recognition tasks.
The named entity recognition method AIP-BiLSTM-CRF proposed in this paper is compared

with the four baseline methods of the test dataset as shown in Table 3.
It can be seen from the above table that the proposed model is better than the commonly used

NERmodels, including the BERT-BiLSTM-CRFmodel and the ALBERT-BiLSTM-CRFmodel on the
MSRA data set. Meanwhile, the effect of our model is greatly improved compared to the Lattice-
LSTM model. The F1 value of our model is 94.4, while the F1 values of the BERT-BiLSTM-CRF
model, theALBERT-BiLSTM-CRFmodel, the Lattice-LSTMmodel, and the ChineseBERTmodel are
93.1, 92.7, 90.1, and 93.6, respectively. The proposed model is 1.3% higher than the BERT-BiLSTM-
CRF model, 1.7% higher than the ALBERT-BiLSTM-CRF model, 4.3% higher than the Lattice-LSTM
model, and 0.8% higher than the ChineseBERT Model concerning F1 value. According to the
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Table 4. The Performance of the AIP Model
on the Test Set

Entity Precision Recall F1-score Support
B-NR 0.98 0.89 0.93 251
B-NS 0.92 0.87 0.89 314
B-NT 0.78 0.73 0.75 179
E-NR 0.97 0.86 0.92 251
E-NS 0.91 0.84 0.87 314
E-NT 0.88 0.77 0.82 179
M-NR 0.98 0.93 0.95 185
M-NS 0.89 0.69 0.78 165
M-NT 0.85 0.83 0.84 527
O 0.99 1.00 0.99 31466
S-NR 0.33 0.20 0.25 10
S-NS 1.00 0.31 0.47 39

Table 5. The Ablation Experiment Diagram of the AIP Model

Model F1-score
ALBERT-BiLSTM-CRF 92.7
ALBERT(the last four layers)-BiLSTM-CRF 93.7
ALBERT(the last four layers)-glyph feature-BiLSTM-CRF 94.2
AIP-BiLSTM-CRF 94.4

experimental results, our model has achieved good performance through the comprehensive im-
provement of character glyph feature extraction, character phonetic feature extraction, and char-
acter feature extraction.
We further studied the recognition effect of the model proposed in this paper on different types

of entities, and the effect is shown in Table 4.
As can be seen from Table 4, in the test set, except for the O entity, the recognition effect is the

best on the NR entity, especially the M-NR entity, which reaches 0.95. In other entities, due to
the small number of S-NR entities and S-NS entities trained, the recognition effect is not ideal, and
the recognition effect of other entities is very good.
At the same time, to verify the character features extracted by ALBERT in the four layers

of the fusion and the improvement effect after adding glyph features and character sound
features, this experiment uses the ALBERT-BiLSTM-CRF model, the ALBERT (the last four layers)
-BiLSTM-CRF model, the ALBERT (the last four layers) - glyph feature-BiLSTM-CRF model, and
the AIP-BiLSTM-CRF model to perform ablation experiments, respectively. The ALBERT (the
last four layers) -BiLSTM-CRF model improves the character feature extraction part based on the
ALBERT-BiLSTM-CRF model, that is, the ALBERT model with four layers after fusion is used
for character feature extraction. The ALBERT (the last four layers) -glyph feature-BiLSTM-CRF
model adds glyph features on the basis of the ALBERT (the last four layers) -BiLSTM-CRF model.
The AIP-BiLSTM-CRF model adds phonetic features to the ALBERT (the last four layers) -glyph
feature-BiLSTM-CRF model. The experimental results are shown in Table 5.
It can be seen from the experimental results that compared with the conventional ALBERT-

BiLSTM-CRF model, the ALBERT-BiLSTM-CRF model after the four layers after the integration of
ALBERT’s outstanding performance for text tasks has increased by 1.0%. After adding the glyph
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Table 6. Comparison of F1-Score
on the CCKS2020 Data Set

Model F1-score
BERT-BiLSTM-CRF 77.8
ALBERT-BiLSTM-CRF 75.4
Lattice-LSTM 76.3
ChineseBERT 80.4
AIP-BiLSTM-CRF 80.5

feature on this basis, it increased by 0.5%, and after adding the phonetic feature, it increased by 0.2%.
It can be seen that, based on the conventional model, the improvement of the character feature
extraction process, the addition of the character shape feature, and the addition of the character
sound feature have a relatively obvious improvement effect. Meanwhile, it is concluded from the
experiment that the improvement of the character shape feature is greater than the that of the
character sound feature.
To verify the versatility of the model, we conducted further experiments on the CCKS2020 data

set in a specific field. The proposed model is compared with the four methods (BERT-BiLSTM-CRF,
ALBERT-BiLSTM-CRF, Lattice-LSTM, and ChineseBERT) on the test dataset as shown in Table 6.
It can be seen from the experimental results that the AIP-BiLSTM-CRF model proposed in this

paper also has a good effect on the dataset CCKS2020. The F1 value of this model reached 80.5,
and the F1 values of the BERT-BiLSTM-CRF, ALBERT-BiLSTM-CRF, Lattice-LSTM, and Chinese-
BERT model are 77.8, 75.4, 76.3, and 80.4, respectively. In contrast, the AIP model has a significant
improvement in the electronic medical record data set compared with the mainstream models.
Meanwhile, we found that the performance of the AIP model compared with other models is more
prominent on the professional Chinese electronic case data set with many entity categories. This
further reflects that the improvement of character shape feature extraction, character sound fea-
ture extraction, and character feature extraction have played an important role in promoting the
model effect. We further verified the performance of the proposed model on different types of
entities in the CCKS2020 test set. The results are shown in Table 7.
It can be seen from the above table that the AIP model has an outstanding recognition effect

on the CCKS2020 electronic medical record test set. In addition to the O entity, the recognition
effect is the best on the OPE entity, especially the I-OPE entity that has reached an F1 value of
0.95. Except for the S-DIS entity, the F1 values of other entities are basically above 0.80. It can be
seen that the model proposed in this paper also has a good effect on the data set in a specific field
with good versatility.

5 CONCLUSIONS AND FUTURE WORK

In this paper, we have proposed the AIP method for Chinese named entity recognition. Starting
from the glyph, phonetics, and character features of Chinese characters, we have made optimiza-
tions from three aspects. DenseNet is used to extract the glyph features, the initials, vowels, and
tones are used to extract the phonetic features and the last four layers of ALBERT fusion is used to
extract character features. Finally, the multi-directional feature extraction of Chinese characters is
combined with BiLSTM-CRF for training. In the field of Chinese named entity recognition, it has
achieved better results than mainstream models on two different data sets, which proves the effec-
tiveness of this model. In addition, the improvement of each step was validated in the experiments.
It is proved that the glyph features, phonetic features, and character features all play an important
role in the task of Chinese named entity recognition. By better extracting these three features of
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Table 7. Performance of AIP Model on the CCKS2020 Test Set

Entity Precision Recall F1-score Support
B-DIS 0.88 0.87 0.88 379
B-LAB 0.81 0.86 0.83 141
B-MED 0.91 0.96 0.93 176
B-OPE 0.91 0.90 0.91 94
B-POS 0.83 0.84 0.83 413
B-SCR 0.80 0.88 0.84 68
E-DIS 0.87 0.88 0.87 370
E-LAB 0.71 0.82 0.76 131
E-MED 0.88 0.96 0.92 171
E-OPE 0.91 0.96 0.93 89
E-POS 0.79 0.78 0.78 422
E-SCR 0.77 0.94 0.85 62
I-DIS 0.87 0.90 0.88 2107
I-LAB 0.82 0.90 0.86 293
I-MED 0.93 0.93 0.93 279
I-OPE 0.95 0.94 0.95 1164
I-POS 0.85 0.81 0.83 833
I-SCR 0.88 0.92 0.90 130
O 0.99 0.98 0.98 33951
S-DIS 0.00 0.00 0.00 0
S-LAB 0.75 1.00 0.86 3
S-POS 0.89 0.92 0.91 338

Chinese characters, good results can be obtained in the task of Chinese named entity recognition.
Moreover, this research does not focus on a specific field and is versatile. In the future, we will
experiment with the influence of different Chinese fonts on the model effect, and judge the rela-
tionship between the pictographic degree of the font and the model effect. In addition, changing
the decoder part of the model may also have a significant improvement on the model.
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