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Recruitment information extraction model based on parallel multi-scale features learning
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Abstract: With the popularity of online recruitment, automatic entity extraction based on job advertisements has
become the basis of the development of downstream intelligent application systems such as job and talent
recommendation. The existing entity extraction methods for job advertisements have problems such as incomplete
coverage of extracted content classification and semantic dilution of ultra-long text sequences. In this paper, we
divided the entities in the recruitment texts into four fine-grained categories, and proposed a recruitment information
extraction model named multi-scale feature learning with bert-bilstm-crf (MUBLC) based on parallel learning of
multi-scale features. Firstly, the model uses the long short-term memory (LSTM) network to extract initial
features from the raw data. Secondly, the self-attention mechanism is used to learn global features. A dynamic deep
convolutional network is used to learn local features in parallel with the self-attention sharing projection, and a feed-
forward neural network is connected in parallel to each layer of the self-attention to learn the point-wise features of
the text in parallel. Finally, the model fuses the three-scale features obtained through parallel learning into vectors
and inputs them into the conditional random field (CRF) to obtain the predicted label sequence. Compared with the
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state-of-the-art baseline model, the F, score of the proposed model is improved by 2.53%. The experimental
results show that parallel learning of the three features is of great significance to solve the problem of long sequence
semantic dilution, and it is feasible and effective to improve the performance of recruitment information extraction.
Key words: online recruitment advertisement; recruitment information extraction; parallel multi-scale features

learning; dynamic deep convolutional network; named entity recognition
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NFLAT 78.03 84. 84 81. 20 BILSTMIDCNNCREC eg0 8274 80,76
MECTH" 83.35 78. 14 80. 66
MUBLC — 8173 $3.73 MUBLC 82.74  84.73  83.73
R7T AAZHEEBHMENERER
Table 7 Performance experiments for different entity categories %
DUTY QUA EXP SKILI
Y
P R F, P R F, P R F, P R F,
Lattice LSTM) 63.55 56.41  59.77  88.70 85.39  87.01  77.73 77.56  77.64  72.62 67.62  70.03
BERT-BiGRU-CRF''®)  65.98 68.30  67.12  86.51 91.53  88.95 75.60 71.01  73.23  72.49 72.71  72.60
CAN-NERM® 71.63  74.73  73.14  90.52  93.58  92.02  80.60 84.89  82.68  78.29 75.02  76.62
MUBLC 75.44  78.12  76.76  92.40 94.26 93.33 8562 86.00 85.81 82.23 83.38 82.80
3.3.3 JHm LR AR5 M RS HEMIWER
zlgﬁﬁg"‘%-&i—[‘ T 1:3:; Iy 75 A AR Mg FEAT I A i Table 8 Results of ablation experiments %
5, AN AR B X RS AR M BB Y 2 i 25 SR IR 8 s i P R F,
H3#E 8 IFE WL AR % MUBLC #1811 BERT-MU-CRF 83.19 80. 20 81. 66
PERER P, BILSTM-MU-CRF # 8 iy T2k E£ T BiLSTM-MU-CRF 74. 81 69. 64 72.13
BERT %5 % 4G 10 1] 12 28 7, B IS i) 4 50 3 BERT-BiLSTM-CRF 79. 30 83.12 81.16
RARFFAEIGE S, B F, (HAH® MUBLC T[4 ATTBLC 78. 87 84.72 81. 69
T 11.6% . X F 2 REERE 2% ) B, J5) 38R E MUBLC-1 79. 31 84. 24 81. 70
25 3 QPRI R W K, AE 4 SR R AE A T R R L MUBLC-p 81. 50 84.73 83.08
B R AR AR 2= 2T L F {H R & T 1. 39 %05 3% 45 MUBLC 82. 74 84. 73 83.73

Rk 2 2] A R X AR TR 5 W 45 /)N L 7 42 SRy Ak 5

AR LAt b 332 SRR A2 2] By (B R T 0. 0100, ELAE 4 Jm) AR AR A1 S5y 0 A5 AL o ~J Y SR Atk 39 o 328 A5 5 ik
RIS L F ) B T 0. 6500, SCER AR R, TR AR S BUE 55 b A2 2 38 ATRRAE T AN 27 o) JRy

R AR A BE AT AT 08 552 A 1) 22 [ B4 AS A
3.3.4 XK FIIRAL M A AT

FI R 70 45 1 M g 23 Bl SCAS B Y 1
N NI UEIFAT 22 R FRAIE 24 20 6K 81 R AE 1Y
BB A ST 4 B e B 500 4% SCA K R T 100
FAFE/NT 100 F 05 19 47 BERE A HE AT 9250 A [R] A5
I F o (ER e g 9 fr s, Hoh BLC 34k
R BERT-BILSTM-CRF, 451 & /N F 100
FAFEF, ATTBLC fl MUBLC 1) F, {EAHECEEZR B 3 548 T 1. 54 %600 1. 93 % HFFIK B K T 100 F

R9 TEAKEBEXATHARERMN F, EXfit

Table 9 F, score of different models under

different text lengths %
PEN; BLC™H ATTBLC MUBLC
<100 84.63 86.17 86.56
100~512 80. 96 81.16 83.53
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