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Overview of the research progress in entity recognition technology
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Abstract: Entity recognition technology, as an important step in constructing knowledge graphs, has
been extensively applied in natural language processing applications such as semantic network, machine
translation, and question answering systems. It plays a crucial role in promoting the practical application
of natural language processing technology. According to the development process of entity recognition
technology, the existing entity recognition methods are investigated in this paper. These methods can be
classified as: early rule and dictionary based entity recognition methods, machine learning based entity
recognition methods, and deep learning—based entity recognition methods. The core ideas, advantages
and disadvantages, and representative models of each entity recognition method are summarized,
especially the latest entity recognition methods based on Bi-directional Long Short—term Memory
(BiLSTM) and Transformer. Additionally, the current mainsiream datasets and evaluation criteria are
introduced. Finally, facing the semantic requirements of future machine communication, we have
summarized the challenges faced by entity recognition technology, and its future advancement in Internet
of Things(IoT) business data is anticipated.
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Fig.1 Classification of the entity recognition
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Tablel Comparison of machine learning—based entity recognition methods

model principle advantage disadvantage
HMM direct modeling of the transition and performance probabilities, and with low time complexity and without considering contextual features,
statistical cooccurrence probabilities suitable for small datasets and lower accuracy than MEM

establishing joint probability for transition probability and . L .
MEMM . . . higher accuracy than the HMM high time complexity
performance probability, and counted conditional probability

) ) ) . relatively simple, with better poor performance in large-scale sample
SVM linear classifier with the largest intervals on the feature space o . . .
robustness training and multi—classification
statistical global probability, not only in local normalization, but ) . . slow convergence speed and high time
CRF o o leveraging contextual information .
also considering the distribution of data globally complexity
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Fig.2 Structure of RNN model
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Fig.4 Structure of transformer model
[&14 Transformer FAIZ5 )
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Table2 Transformer model vs. BERT model

BERT model Transformer model
BERT is a model based on the Transformer encoder structure with Transformer is a model of the complete sequence—to—sequence
model structure o
only the Encoder part. structure consisting of Encoder and Decoder.
. BERT uses an extensive and unsupervised pretraining corpus; Transformer usually uses a supervised parallel corpus,
pretrain corpus . i . i L
a richer semantic knowledge can be learned. which yields more specialized and targeted knowledge.
o BERT uses the same parameters for multi-layer Transformer Transformer's encoder and decoder have different parameters,
weights . . . . . . .
encoder stacking, weights are shared and the model is more concise. weights are not shared, and the model is relatively more complex.
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7 T A TR A A 28 B AN [R] A 28 2 1) A% i
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Table3 Summary and comparison of various entity recognition methods

method characteristic advantage disadvantage

rule and BN .
o The generalization ability is limited for scenarios
dictionary

Relying on pre-built dictionaries and rules. It is This method allows for exact matching of specific
based named

simple and easy to implement and does not require a  entities. It applies to specialized areas or limited

with unknown entities and significant changes in

language structure. In addition, a large amount of

entity
o large amount of labeled data. classes of entities. manual construction and maintenance of
recognition o . .
dictionaries and rules are required.
methods
. . HMM finds it difficult to handle long—term
. . HMM can capture the probability distribution of . . =
HMM is a generative model based on state o T dependency relationships. Moreover, the ability to
HMM o » . = sequence data. For situations with limited annotated oo
transition probability and observation probability. . . understand complex sequence data and semantics is
data, good results can still be achieved.
weak.
. o CRF can achieve good results when there is The ability to model long—distance dependencies is
CREF is a discriminative model based on Markov
. sufficient annotated data. This model can flexibly limited. In addition, the estimation of model
CRF properties. It can model the dependency
. . design feature functions to meet different task parameters requires a large amount of annotated
relationships between features. .
requirements. data.
. . . L RNN is difficult to parallelize and has a slow
RNN is a neural network structure with recurrent RNN can capture contextual information in o )
. . o training speed. Moreover, problems of gradient
RNN connections. It can process sequence data and sequence data. It has good adaptability for situations ) .
o . . disappearance or explosion are prone to occur,
preserves the historical information of the sequence. where the sequence length is not fixed. . . .
making training difficult.
LSTM is a special RNN structure with memory
. . . . There are many parameters, and training and tuning
units and gating mechanisms. It can more The LSTM model effectively overcomes the
LST™M i . L . . are more complex. In addition, limitations still exist
effectively solve the modeling problem of long vanishing and exploding gradient problems of RNN.
when dealing with extremely long sequence data.
sequence data.
. . Bidirectional information can be utilized effectively, The calculation complexity is high and the number
BiLSTM considers both forward and backward
BiLSTM . . and contextual information of sequence data can be  of parameters is large. For some tasks, bidirectional
information of sequence data.
captured more comprehensively. information may introduce noise.
Transformer is a model based on a self-attention It can parallelize the processing of sequential data. . .
) o ) The number of parameters is large and requires
Transformer  mechanism that does not depend on the sequence The training and reasoning process can be .
more computing resources.
order. accelerated.
BERT is based on the Transformer structure and ~ BERT has multitasking applicability. And as an end— The pre-training and fine—tuning process requires
pre—trains the language representation with bi- to—end model, there is no need to manually design  significant computational resources and time. Text
BERT directional context information. It can be used features or rules, and it can automatically learn the  that exceeds the maximum length limit needs to be
directly for fine-tuning a variety of entity representation in the text. Artificial intervention and truncated or segmented, which may affect the
recognition tasks. complexity have been reduced. performance of the model.
. . It can still achieve better results when the target This method has strong dependence on the source
Transfer learning uses source domain data or
. . domain data is scarce or difficult to label. In domain data and may introduce the bias of the
Transfer knowledge to solve tasks in the target domain.
. . . . addition, transfer learning can accelerate the model ~ source domain. Transfer learning strategies need to
learning  Existing data can be utilized efficiently and the need

. training process and improve the generalization
for targeted domain labeled data can be reduced.

be carefully designed to balance the differences

ability of the model. between the source domain and the target domain.
4 BRIE MSRA 555 H B (%) 5 HUIEAE Weibo P25 SR HLEE
Table4 Results on MSRA(%) TableS Results on Weibo
model P R F1 model precision recall Fl
1]
TENER®(2019) - - 92.74 TENER (2019) 38.17
. LGN (2019) 55.34 64.98 60.21
Sui et.al®? (2019) 94.01 92.93 93.47 FLAT® (2020) - B 60,32
FGN1(2020) 95.45 95.81 95.64 FGN!*1(2020) 69.02 73.65 71.25
MECT!* (2021) 94.55 94.09 94.32 MECT*(2021) 61.91 62.51 63.30
(691
WANER (2022) 96.12 96.08 96.10 NELAT . (2022) 39.10 6376 61.94
. W2NER(2022) 70.84 73.87 72.32
SSMI*™(2023) 96.15 96.49 96.32 SSMI® (2023) 71.53 73.18 72.83
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Table6 Results on OntoNote4.0 Table7 Results on Resume
model P R F1 model P R F1

TENER""(2019) - - 72.43 CAN-NER" (2019) 95.05 94.82 94.94
LGN (2019) 76.13 73.68 74.89 TENERIY(2019) - - 95.00
AESINER" (2020) - - 81.18 LGN (2019) 95.28 95.46 95.37
FGN®*(2020) 82.61 81.48 82.04 SLK-NER™(2020) 95.20 96.40 95.80
MECT™* (2021) 77.57 76.27 76.92 FGN®(2020) 96.49 97.08 96.79
Baseline!”" (2022) 82.79 81.27 82.03 MECT*(2021) 96.40 95.39 95.89
W2NER (2022) 82.31 82.31 83.08 W2NER (2022) 96.96 96.35 96.35
SSMI(2023) 82.46 84.61 83.52 SSMI®(2023) 97.48 97.18 97.33
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