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Abstract

Named entity recognition is an important research step in natural language processing, and it is
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also the pre-research of many downstream tasks in natural language. The traditional method
usually adopts a simple linear or nonlinear model for entity recognition, and its accuracy is not
high. With the introduction of deep learning, it can deal with more complex nonlinear problems,
and use neural network models to improve the accuracy of entity recognition. In this paper, a Ro-
BERTa-CNN-BiLSTM-CRF model is proposed for recognition of mathematical knowledge entities in
high school. Firstly, the bidirectional Transformer coding layer in RoOBERTa model is used to ex-
tract and analyze data features and generate corresponding word vectors. Then, the convolution
layer and pooling layer in a convolutional neural network (CNN) are used to achieve dimensional-
ity reduction and extract local features in sentences. Finally, the LSTM-CRF model suitable for ent-
ity recognition of mathematics knowledge points in high school is constructed for training and
processing. Experiments show that the model has high accuracy. Precision, recall and F1 reached
94.32%, 94.58% and 94.45%, respectively.
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Figure 1. Structure diagram of the ROBERTa-CNN-LSTM-CRF model
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Table 1. BIO annotation results (partial) table
= 1. BIO #RiE 55 R (BP0 3R

Sk FREFRIR
H B-entity
57 I-entity
& 0
X B-entity
h I-entity
24 I-entity
i 0]

i B-entity

i I-entity

5 I-entity
O
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Table 2. Experimental environment configuration table
2. IWIMERLER

LR Mo
CPU Intel (R) Xeon (R) CPU E5-2678 v3 @ 2.50 GHz
GPU 3070 (8 G)
pea 32G
Python 3.7
Pytorch 1.12.1 + cull6

K A SN2 3 Fos.

Table 3. Experimental parameter table

3 XWBHR

SHA {2
Rnn_dim 128
Max_seq_length 64
Train_batch_size 64
Eval_batch_size 64
Gradient_accumulation_steps 1
Learning_rate 3e-5
Logging_steps 500

34. ERERE S

BRI 25 F, A m A AR BAE SR, 4 BERT-CRF #%, BERT-BILSTM-CRF #:7
ROBERTa-BiLSTM-CRF #% ) 2 RoBERTa-CNN-BiLSTM-CRF #5574 % 1 A 22 iR S 45 i3k 1T 44 52
RYARSEG, g5 RN 4 .

Table 4. Comparison table of model experiments

* 4. BRSO ITEER

1B PRE REC F1
BERT-CRF 92.40% 94.66% 93.52%
BERT-BIiLSTM-CRF 93.27% 94.76% 94.02%
RoBERTa-BiLSTM-CRF 93.27% 94.79% 94.02%
RoBERTa-CNN-BiLSTM-CRF 94.32% 94.58% 94.45%

b SEIe 45 SR 5, SO fF A Y RoBERTa-CNN-BILSTM-CRFE BRI ZERERIZR . 7 [0 KM F1EER
E SRR A T, I BRI bR 4 A T 94.32%. 94.58%. 94.45%. HI NI AIHIA L
o144 1 ) ROBERTa-CNN-BiLSTM-CRF #5284 75 Ab 2 w5y b 5 2 AR iy 44 AR IR 1) vh A IR K e 3o
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Table 5. Comparison table of model test results
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