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Abstract. Entity extraction as one of the most basic tasks in achiev-
ing information extraction and retrieval, has always been an important
research area in natural language processing. Considering that most of
the traditional entity extraction methods need to manually adjust their
hyperparameters, it takes a lot of time and is easy to fall into local opti-
mality. To avoid such limitations, this paper proposes a novel scheme to
extract named entities, where the model hyperparameters are automat-
ically adjusted to improve the performance of entity extraction. Here,
the proposed scheme is composed of bi-directional encoder representa-
tion from transformers (BERT) and conditional random field (CRF).
Specifically, through the fusion of collaborative computing paradigm,
particle swarm optimization (PSO) algorithm is utilized in this paper to
search for the best value of hyperparameters automatically in a cooper-
ative way. The experimental results on two public datasets and a steel
inquiry dataset verify that our proposed scheme can effectively improve
the performance of entity extraction.

Keywords: Entity extraction + Particle swarm optimization (PSO) -
Bi-directional encoder representation from transformers (BERT) -
Collaborative optimization

1 Introduction

Currently, the automatic extraction of information from unstructured data has
attracted extensive attention. As a basic task in information extraction and
retrieval, entity extraction identifies entities with specific meanings, such as
location, person, proper noun, and some others from the text [24]. With the
development of natural language processing (NLP) technologies, text semantic
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knowledge is becoming more and more important. Recently emerging research
fields such as automatic question answering, intelligent search and semantic anal-
ysis, require rich semantic knowledge as support. As the most important semantic
knowledge in text, entity extraction has always been an important area. How-
ever, there are three difficulties in this field. First, the named entity itself has
the characteristics of complexity, diversity and randomness, then it is difficult
to accurately define and classify its entity type. Second, since it may lack large-
scale knowledge databases like Wikipedia in practically industrial applications,
it is challenging to obtain a large amount of high-quality annotation data. Third,
due to the domain characteristics of different applications, there are many out
of vocabulary (OOV) words, i.e., new words, which takes a lot of time and effort
to recognize them manually.

In order to cope with the above challenges, some unsupervised and super-
vised machine learning algorithms are used to label large-scale data automati-
cally [19,25,33,34]. To further improve the performance of achieving this task,
we develop a novel scheme through the combination of popular deep learning
model and typical evolutionary algorithm. During the implementation process,
many important hyperparameters in those algorithms need to be adjusted to
guarantee that the satisfactory computing performance of learning model could
be achieved. Then, the adjustment that previously were based on painstakingly
handcrafted operations, can now be made using intelligent strategies.

Generally, collaborative computing is an efficient paradigm in which different
groups can work together for a certain task in a coordinated manner. It indi-
cates that groups in a dispersed state cooperate with each other to achieve a
task together, while more effectively promoting the collaboration between social
groups and greatly improving the working quality of the group. In this field, par-
ticle swarm optimization (PSO) is a typical evolutionary algorithm [16], which
aims to address optimization problems with the help of collaboration and infor-
mation sharing between particles. Through the fusion of it, in our developed
scheme PSO algorithm is utilized to intelligently search for the best value of
hyperparameters in a cooperative way.

More specifically, we propose a novel scheme to achieve entity extraction
using an advanced architecture, which is composed of bi-directional encoder
representation from transformers (BERT) and conditional random field (CRF).
This scheme is called BERT-CRF-PSO. Among them, BERT uses the encoder
architecture in the transformer to obtain the semantic vector and combines with
the masked language model (MLM) to achieve contextual prediction [12]. The
CRF [17] can effectively use past and future labels to predict the current label,
S0 as to obtain more accurate entity prediction conditional probabilities. Mean-
while, we introduce the PSO to fine-tune the hyperparameters of the BERT
model. The probability value of the entity prediction can be obtained finally.
In general, the BERT and CRF are responsible for the training data, and
the PSO is responsible for fine-tuning the hyperparameters. These three mod-
ules share information and collaborate with each other to complete the entity
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extraction task together. Through this model, it is expected that we can improve
the performance of entity extraction.
The contributions of this paper can be summarized as follows.

— Applying collaborative computing to the field of entity extraction, so as to
efficiently realize entity extraction in a way of mutual cooperation and infor-
mation sharing.

— In order to improve the performance of entity extraction, the PSO algorithm
is used to automatically fine-tune the hyperparameters of the BERT model,
so as to find the global optimal hyperparameters for a specific dataset.

The rest of this paper is organized as follows. In Sect. 2, the related work of
entity extraction is simply introduced. In Sect. 3, we present the proposed scheme
BERT-CRF-PSO. The relevant experimental results are shown in Sect. 4. Finally,
in Sect. 5, our work is summarized.

2 Related Work

The methods of implementing entity extraction can be classified into three
categories. In this section, we introduce some related algorithms about entity
extraction.

2.1 The Rule and Vocabulary-Based Entity Extraction

Early, the entity extraction was achieved using a rule and vocabulary-based
method. The basic idea was to select features, e.g., statistical information, key-
words, and punctuation, to construct specific rules manually, and use methods,
e.g., pattern and string matching, to perform for entity extraction.

Xie et al. proposed a method of combining manually formulated rules with
heuristic ideas, and realized the automatic recognition of named entities from
unstructured text [32]. Berry et al. used a self-training model to conduct entity
extraction on the basis of unified medical language system (UMLS) [2], and
the optimal result of F; reached 85.23%. Farmakiotou et al. proposed an entity
extraction system based on manual vocabulary resources [14]. The rules were
mainly formulated for the Greek language and included hand-made grammar and
gazetteers. The system had achieved satisfactory test results for the experiments
on a Greek corpus of financial news. Collins et al. proposed the DL-CoTrain
method [9]. The basic processing of this method could be divided into three
steps. Firstly, the seed rule set was pre-defined. Secondly, multiple unsupervised
training were performed on the pre-defined rule set to obtain more rules. Finally,
the rule set was used to extract named entities. The classification accuracy of
this method for three categories of person, location and organization all exceeded
91%.

This class of methods achieved good performance when the extracted rules
could accurately reflect the language characteristics in a specific field. However,
the feature of those methods had also become their shortcoming. It relied too
much on a specific language, domain, and text style, which might lead to poor
portability of the model.
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2.2 The Traditional Machine Learning-Based Entity Extraction

For those methods using traditional machine learning models, entity extraction
were generally regarded as a sequence tagging task. Compared with the classifi-
cation problem, the predicted label sequences in the sequence tagging task had
a very strong interdependence. In other words, the currently predicted label was
not only related to the current input feature, but also related to the previous
predicted label. Here, in this field, some traditional machine learning were used,
and they mainly included CRF, maximum entropy (ME) [28], support vector
machine (SVM) [18], and hidden Markov model (HMM) [8].

Among the above four methods, CRF could provide a globally optimal label
model for entity extraction. However, it took a long training time and its con-
vergence speed was much slow. ME had the advantages of compact structure
and good versatility. Its disadvantage was that explicit normalization calcula-
tions were required in the training processing, while leading to relatively large
costs. HMM used the viterbi algorithm to address the problem of recognizing
entities from sequence. Therefore, its training speed and recognition speed were
fast, while it performed worse than ME and SVM in accuracy.

Das et al. used the CRF model to achieve entity extraction tasks for Indian
languages [11]. The accuracy of this model for entity extraction on Bengali and
Hindi were 87% and 79%, respectively. Saha et al. used the ME model to extract
four types of entities, i.e., person, organization, location, and date, on Hindi,
and the value of final F; was 81.52% [28]. Lin et al. proposed a entity extraction
system on the basis of SVM model, and used the system to achieve high accuracy
[18]. Chopra et al. used HMM for entity extraction tasks on the Treebank corpus
with 25 files. In the end, they achieved the result of F} is 73.8% on eight types
of named entities [8].

2.3 The Deep Learning-Based Entity Extraction

Recently, with the development of deep learning technologies, they were gradu-
ally popular in the field of entity extraction [6]. Compared with the above two
classes of methods, the deep learning-based methods had three main advantages
[30,38]:

— They could learn more complex features and potential knowledge from the
original data text through a nonlinear activation function.

— They were end-to-end, which meant that it could avoid error propagation
between modules in the pipeline model and could carry more complex internal
designs, so as to achieve better experimental results.

— Experiments had verified that the deep learning algorithms were very suit-
able for processing sequence tagging problems, and did not rely on domain
knowledge and feature engineering.

Chiu et al. proposed a two-way model combining long short-term mem-
ory (LSTM) and convolutional neural network (CNN), which could auto-
matically capture word-level and character-level features [7]. Ma and Hovy
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proposed a novel neutral network architecture combining bidirectional LSTM
(BiLSTM), CNN and CRF, which would automatically benefit from word-level
and character-level representations [23]. Zhao et al. developed a entity extrac-
tion method through the use of CNN. They took word-level embedding, dic-
tionary features, and others as input, and used CNN to automatically extract
useful features [36]. Liu et al. developed a neural network framework called
LM-LSTM-CRF, which merged the character-aware neural language model to
extract character-level knowledge. Unlike most transfer learning methods, the
framework proposed by Liu et al. did not rely on any additional supervision
and could identify new entities well [20]. More recently, adding graph neural
network, attention mechanism, transfer learning and other technologies to neu-
ral network-based models was also a popular direction in the implementation of
entity extraction [4,5,27,31].

3 The Proposed Scheme

The overall architecture of our scheme is shown Fig. 1, where [CLS] is a special
symbol for classification output, N is the number of characters in the text,
Tok; represents the i-th character, E; represents the i-th token embedding, T;
represents the final i-th embedding vector, and Tag, is the final output tag
sequence. Here, i is bounded within [1, N].

It can be seen from this figure that, this architecture mainly consists of
three modules, including BERT model, CRF layer, and PSO algorithm. Among
them, the BERT model effectively achieves the word embedding, transformer
encoding and pooling, and it is used to pre-train the language model to obtain
the corresponding word vector. The CRF layer adds some constraints to the
final predicted label to ensure that it is legal and correct. The CRF layer can
automatically learn some rules during the training processing. For example, if a
dataset uses the BIO labeling scheme, where “B” represents the beginning of a
named entity, “I” represents the middle of a named entity, and “O” represents
the non-entity. Meanwhile, the constraints learned by CRF layer are as follows:

— The first word in a sentence always starts with the label “B-” or “O-" instead
of “I-”.

— A pattern can be learned by “B-labell I-label2 I-label3 ---”, which means
that labels 1, 2, and 3 should be the same entity category. For instance,
“B-Location I-Location I-Location” is a legal label sequence. However, “B-
Location I-Location I-Person” is an illegal label sequence.

— The label sequence “O I- - - - 7 is illegal. In other words, the legal label sequence
should be “O B- I-”.

The PSO algorithm simulates the foraging behavior of a flock of birds. In our
model, it iteratively searches for BERT hyperparameters which most suitable
for a specific dataset, and continuously adjusts the hyperparameters during the
search processing to achieve the best performance of the BERT-CRF model. In
short, these three different modules work together to complete a task in a way of
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Fig. 1. The architecture of our proposed scheme.

mutual cooperation and information sharing, so as to achieve entity extraction
efficiently and accurately.

3.1 The Use of BERT Model

BERT uses a multi-layer two-way transformer as a feature extractor, and uses a
self-attention mechanism to make each word have global semantic information,
thus capturing long-distance dependencies. In addition, BERT uses the Word-
Piece method to build the vocabulary. WordPiece can be understood as splitting
a word into subwords. If a word is not in the vocabulary, the tokens are split
one by one in the way of subwords. If no token is found, [unknown] is directly
assigned. In this way, the information of the root of the word can be effectively
captured, the vocabulary capacity can be reduced, and the OOV problem can
also be alleviated. BERT contains three important parts: the MLM model, the
transformer model, and the next sentence prediction (NSP).
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The MLM Model. BERT uses a MLM to overcome the limitation of one-
way information. In this scheme, 15% of the words in the dataset are masked
randomly, and then the BERT model is used to predict these masked words,
which is a bit similar to the cloze task we are familiar with. In this way, the BERT
model can rely more on context-related information to predict the vocabulary.

The Transformer Model. Transformer is divided into two parts: encoder and
decoder. The architecture of transformer is shown in Fig.2 [29]. Encoder is a
stack of N identical layers, and each layer has two sublayers. The first layer is a
multi-head self-attention mechanism, and the second layer is a fully connected
feedforward neural network. After the two sub-layers, each layer is connected
by residuals, and then layer standardization is performed. Finally, a N-layer
encoder is formed. The decoder is also stacked by N identical layers, but the
difference from the encoder layer is that the layer in the decoder is composed of
a multi-head attention and “Add&Norm” inserted into the encoder layer. This
method makes full use of the context and does not require bidirectional stacking
such as BiLSTM.

In fact, the BERT model only uses encoder of transformer to encode the
input. This is because BERT is essentially a pre-training model. It is carried
out through the language model, and it is different from other specific tasks of
NLP. Meanwhile, since BERT currently does not have a decoder of transformer,
it also reduces a lot of unnecessary operations in its attention function.

Next Sentence Prediction. The role of NSP can be understood that as two
sentences in a given text, it is to determine whether the second sentence imme-
diately follows the first one. Some tasks require a model to understand the rela-
tionship between two sentences. However, this goal can not be achieved by only
training the language model. This is the reason why BERT trains NSP.

Therefore, when BERT pre-trains the data, there is a 50% probability that
the model will choose two contextual sentences A and B, and a 50% probability
that it will choose two context-independent sentences A and B.

3.2 The Design of CRF Layer

In order to make the classifier perform better, when labeling data, we can
consider using the labeling information of adjacent data. It is difficult for
general classifiers to do this. However, CRF is particularly good at handling
contextual information. Because the typical characteristic of CRF is to use
a log-linear model to represent the joint probability of the feature sequence,
which is convenient for people to effectively use the context label to pre-
dict the current label. CRF is a typical sequence tagging algorithm, that is,
given an input sequence X = {z1,x2, 3, - ,Tpn_1,Tn}, the target sequence
Y = {y1,92,Y3, - ,Yn—1,Yn} is the output of model. It has been employed in
sequence tagging tasks such as word segmentation, part-of-speech tagging and
entity extraction [10,15,22]. The structure of CRF is shown in Fig. 3 [17].
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Let X = {zy,29,x3, - ,Tpn_1,Zn} be the input sequence of sentence whose
length is n, and let Y = {y1,¥2,93, "+ ,Yn—1,Yn} be the corresponding output
target sequence. Assuming that P(Y|X) is a linear chain conditional probability,
it is shown in (1).

n—1 K
P(Y|X) = *exp (szktk (Yiv1,yi, X, i +ZZU13! (v, X, Z)> , (1)

i=1 k=1 i=1 [=1

where K is the total number of transition feature functions defined at nodes, L
is the total number of status feature functions defined at nodes, i is the position
of the current node in sequence, A\ and u; are weights, and Z is a normalized
factor. Moreover, t; and s; are transition feature functions and status feature
functions, respectively.
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3.3 The PSO-Based Collaborative Optimization

PSO is a population-based random optimization algorithm. The core idea of this
algorithm is to simulate the foraging behavior of a flock of birds. In the process
of foraging, the birds continuously communicate and share their positions and
information with each other, so that other birds know their positions. Through
the collaboration between the group, each bird judges whether the position it
finds is the optimal solution (the closest food source), and at the same time,
they also transmit the information of the optimal solution to the entire bird
group. In each iteration process, each bird adjusts its position according to the
optimal solution found by itself and the optimal solution of the population to
ensure that the entire flock of birds can finally gather around the food source,
that is, the optimal solution is found. The advantage of PSO is that it is easy
to implement, fast to converge, and does not need to adjust a large number of
parameters. At present, it has been widely used in neural networks, data mining,
image processing and other fields [1,3,26,37].

The best value of BERT model hyperparameters will help the model perform
better on a specific dataset, which is essentially an optimization problem. Here,
PSO is particularly suitable for dealing with optimization problems. In PSO,
the position of birds in the searching space represents the solution space of the
problem, and these birds are also as “particles”. Every particle has three basic
attributes, including position, speed, and fitness. The position and speed deter-
mine the direction and distance of the particles, and the fitness is determined
by an optimization function. In this paper, the position refers to the hyperpa-
rameters of the BERT model, the speed represents the direction of the change of
hyperparameters, the optimization function is the BERT-CRF model, and the
fitness can be measured by Fj-Score. Actually, the metrics used for evaluating
the effectiveness of model usually include precision, recall, and Fj-score. How-
ever, precision and recall are a pair of contradictory measures. Generally, when
the precision is high, the recall tends to be low, and when the precision is low,
the recall tends to be high. Since Fj-score is a weighted average of precision and
recall, it can take into account the precision and recall of classification model
at the same time. Hence, we choose Fj-score to measure fitness in our scheme.
Each particle has a memory function, which can save all historical solutions.
While searching, they can follow the best optimal particle in a certain iteration
in the population, and find the next solution in accordance with the solution of
the best optimal particle.

PSO initializes a group of particles, so that they have random initial posi-
tions and speeds. In the iterative process, each particle updates its attributes
by tracking two “extreme”, i.e., the historically optimal solution of particle
itself, called the individual extreme point (using pbest to represent its posi-
tion), the historically optimal solution of entire population, called the global
extreme point (using gbest to represent its position). In fact, pbest can be
regarded as the flying experience of the particle itself (individual cognition),
and gbest can be regarded as the flying experience of the particle’s companion
(social behavior). By finding these two optimal solutions, the particles update
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their speeds and positions according to (2) and (3). Assuming that the infor-
mation of the i-th particle is represented by a D-dimensional vector, where
D is the number of hyperparameters required to adjust, the position can be

expressed as X; = (z;1, Tia,** , Tid, -+ ,{EiD)T7 and the speed can be expressed
as Vi = (vi1, 059, ,Vid, -+ ,v;p) . Then, we have:
k41 _ k ko ook k ko gk k
vy =w X v+ ¢ x randy X (pbest;g — x7;) + ¢2 X rand; X (gbesty — ), (2)
k+1 _ k k41
Tig = = Tig T Vg s (3)

where vfd (1 < d < D) represents the velocity of the d-th hyperparameter of the i-
th particle during the k-th iteration. The larger the inertia factor w, the stronger
its global search ability, and the smaller the inertia factor w, the stronger its local
search ability. So the introduction of inertia factor w can adjust the global and
local searching capabilities of algorithm. Moreover, ¢; and co are learning factors
used to adjust the maximum step length during the particle flight. Appropriate ¢;
and co can speed up the convergence of algorithm and make the results avoid local
minimum. Moreover, rand; and randy € [0, 1] are random values. In addition,
:cfd represents the position of the d-th dimension of the i-th particle during the
k-th iteration. Finally, pbest,; is the position of the individual extreme point
of the i-th particle during the d-th dimension, and gbest, is the position of the
global extreme point of entire population during the d-th dimension. In addition,
in order to prevent the particles from gradually moving away from the searching
space, the position and velocity of each dimension of the particles will be limited
to an interval [13].
Then, the parameters optimization via PSO is shown in Algorithm 1.

4 Experiments

4.1 Experimental Dataset

The experiment in this paper uses a total of three datasets. The first type is the
boson dataset!, which includes six types of entities: time, location, person, orga-
nization, company, and product. The second type is the People’s Daily dataset?,
including three named entities of organization, institution and person. The last
type is the inquiry data of steel industry. It possesses 744 data including eight
entity categories, such as grade, variety, specification, place of production, thick-
ness, weight, surface structure, and surface treatment. It is noted that both the
boson and the People’s Daily datasets can be obtained on the Internet. The
steel dataset is the historical inquiry information of customers on the steel e-
commerce platform. Considering the consistency of different datasets, we select
1,000 corpora from the boson dataset and 1,000 corpora from the People’s Daily
dataset in the experiment.

! http://static.bosonnlp.com/dev/resource.
2 http://www.ling.lancs.ac.uk/corplang /pdcorpus/pdcorpus.html.
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Algorithm 1. The implementation process of PSO

1: Set the fitness: Fi-Score;
2: Set the position vector (BERT model hyperparameters): [z1,z2, -+ ,Zp];
3: Set the maximum number of iterations: kmax;
4: Initialize the number of particles n, and use a random function to initialize the
position and speed of each particle;
5: Calculate the F3j-Score of each particle;
6: Initialize the optimal parameter pbest of each particle, and the optimal parameter
gbest of the population according to Fi-Score;
7: Initialize the iteration number k = 1;
8: Use (2) and (3) to update the position and speed of each particle;
9: Update the value of Fj-Score;
10: Update the historically optimal parameters of each particle;
11: Update the globally optimal parameters of the population;
12: k=k+1
13: if k > kmax then
14: Output the optimal position vector and the corresponding Fi-Score value;
15: else
16: Go back to Step 8;
17: end if
4.2 Metric

This paper uses three metrics, i.e., precision, recall and F}-Score, to evaluate the
performance of our proposed scheme.

Here, according to the correct and wrong results of classifier’s prediction on

the test dataset, it can be divided into three situations:

TP (True Positive): the entities in test dataset and they are recognized by
model.

FP (False Positive): the entities recognized by model while they are not exist-
ing in test dataset.

FN (False Negative): the entities existing in datasets but they are not recog-
nized by model.

Then, we can get the definition of three metrics as follows:

Precision (P): the proportion of positive predictions that are correct in all
predictions.

Recall (R): the proportion of all positive samples that are correctly predicted
to be positive.

F1-Score (F'): Harmonized average of Precision and Recall.

Furthermore, they are shown as:

TP
- : 4
P=3p17p )
TP
= Tp N (5)
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4.3 Experimental Comparison

We use BERT-CRF [21], BERT-BiLSTM-CRF [35] and our BERT-CRF-PSO to
conduct experiments on three datasets described in Sect.4.1. By consulting the
literature, we found that for fine-tuning, except for batch_size, training_epoch
and learning_rate, most model hyperparameters are the same as in pre-training
[12]. Where batch_size is the number of samples sent to the network for training
each time, training_epoch refers to the process of sending all data to the network
to complete a forward calculation and back propagation, and learning_rate con-
trols the learning speed of the model. Therefore, in the experiment, we choose
the above three hyperparameters as the objects to be automatically fine-tuned
by the PSO algorithm. In addition, in order to prove the effectiveness of the pro-
posed method, we designed a comparative experiment of fine-tuning two hyper-
parameters (batch_size, training_epoch) and fine-tuning three hyperparameters
(batch_size, training_epoch and learning rate). On the basis of experience and
many experiments, w is set to 0.4, ¢; and cy are both set to 2. Meanwhile,
batch_size € [8,32], training_epoch € [10,30] and learning rate €[le—5, le—4]
are three hyperparameters of BERT model, and they need to be adjusted with
PSO algorithm.

Table1l shows the comparison results of different methods on different
datasets. Compared with other two models, our proposed scheme employs PSO
to automatically search for the optimal value of hyperparameters in a given
searching space, so that the effect of the model for a specific dataset reaches the
global optimal. During the experiment, the hyperparameters of other two models
are manually set by us in consideration of experience and the results of multiple
experiments. The experimental results show that the model that requires manual
adjustment of hyperparameters is not only time-consuming and labor-intensive,
but also easy to fall into the local optimum. The proposed scheme can find the
global optimal solution through collaboration and information sharing between
individuals in the group. The results in Table1 confirm the superiority of our
scheme. Additionally, if we increase the dimensional number of position vec-
tors, i.e., model hyperparameters in Algorithm 1, the improved performance of
our scheme will be more obvious. The comparative experimental results of fine-
tuning two hyperparameters and fine-tuning three hyperparameters in Table 1
prove this statement.

Specifically, in Table 2 we provide the optimal hyperparameters found by PSO
in our scheme on the three datasets. Obviously, for different dataset, the optimal
values of model hyperparameters are different. The experimental results show
that the model we propose can help us automatically find the global optimal
hyperparameters for a specific dataset, which is a very efficient method.
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Table 1. Comparison results of different methods on different datasets.

Dataset Method Precision | Recall F1-Score
Boson BERT-CRF 82.45% 85.14% | 83.78%
BERT-BiLSTM-CRF 82.69 % | 85.42% | 84.03%
BERT-CRF-PSO(a) | 82.97% | 85.98% | 84.45%
BERT-CRF-PSO(b) 83.78% | 85.37%  84.57%
People’s daily BERT-CRF 93.50% 95.63% | 94.55%
BERT-BiLSTM-CRF 92.29% 94.59% | 93.43%
BERT-CRF-PSO(a) | 93.27% | 97.86%  95.51%
BERT-CRF-PSO(b) | 95.43% | 98.29% | 96.84%
Inquiry data of the steel industry | BERT-CRF 91.39% 93.40% | 92.39%
BERT-BiLSTM-CRF 92.14% 94.57% | 93.34%
BERT-CRF-PSO(a) | 93.21% | 94.57%  93.89%
BERT-CRF-PSO(b) | 92.84% | 95.01% | 93.91%

Note: (a) represents fine-tuning two hyperparameters, (b) represents fine-tuning three hyper-
parameters.

Table 2. Comparison of optimal model hyperparameters of different datasets.

Dataset batch_size |training_epoch |learning rate
Boson 21 20 -

12 24 3e—5
People’s daily 24 22 -

19 17 4e—5
Inquiry data of the steel industry | 22 29 -

24 24 2e—5

5 Conclusion

Through the combination of collaborative optimization mechanism, we design a
novel scheme BERT-CRF-PSO to achieve entity extraction task in this paper.
Then, three modules, including BERT, CRF and PSO algorithm, are incorpo-
rated into our scheme. Here, the BERT model is utilized to pre-train data, the
CRF adds constraints to the predicted label to ensure its legitimacy, and the
PSO fine-tunes the hyperparameters of the BERT module, which can automat-
ically find the optimal value of the hyperparameters for a specific dataset in a
cooperative way. These three modules cooperate with each other and share infor-
mation to complete the entity extraction task. Hence, the training results within
entire architecture can achieve the global optimum. The experimental results on
two public datasets and a steel inquiry dataset confirm the effectiveness of our
scheme, while improving the performance of entity extraction.
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