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i E %A4RABRTEIRBZANBCHES HARNEAREY T ELERTRBATRLLRATL, XEAHBRLLA
MR T kL — AR KA ZARGERAAETEEL, REAAGBEN L ERA T RIFORE 2EREHAA
BRXRMPBEA LR T AR EAREIER LR M AR BE T AEBE S RAXEE, 4 ZRAME RBET—AKATEMA B
(Information Bottleneck) #5 % 4 X & % % # BAE A MIBRE(Multi-view Information Bottleneck for Relation Extraction) , & i it
A SMAELR L RAB I BARERBELGRG, HAAASHNZIRANAFEENA., BT RRULKERAAMAZ
Rleg X8 A TREMAFTEMET AR IK EEEAAMARLORNRAMARREGT AL, EFALEY
BBARIR B AESE Loy 3 A W  MIBRE =30 69 F1 /5 #1358 T 64.28% A0 74.34% . s T A T M E o LGGCN A F1 {4
SARAT 4. 41% A 2.98% AR T A T EFE A Auh 69 TDGAT 2 FIA S A RA T 1.89% A 1.53%, FHLEREIET A
RAEA 2 A TR H) o A SO,

KR X R A5 A S A Z 2R IERk S

HESES TP391

Study on Security Risk Relation Extraction Based on Multi-view IB

LI Xiwang' , CAO Peisong' , WU Yuying' , GUO Shuming®® and SHE Wei'*?
1 School of Cyber Science and Engineering,Zhengzhou University, Zhengzhou 450000, China
2 Songshan Laboratory,Zhengzhou 450000, China

3 National Digital Switching System Engineering & Technological R&.D Center, Zhengzhou 450000, China

Abstract Safety risk management is the core assignment to ensure safety,and the traditional methods of identifying safety risks
can no longer meet the needs of intelligent development. Research on relation extraction is of significant importance for security
risk management,as it serves as one of the methods for identifying security risks. However, most existing relation extraction
models ignore the problem of insufficient representation of domain entity and contain more noise in the data. To address the above
problems,a multi-view IB-based safety risk relation extraction model(MIBRE) is proposed. Specifically.it achieves enhanced do-
main entity semantics by fusing semantic information from multi-view. In order to obtain the maximum relevant information be-
tween the two views,an objective function is constructed using the information bottleneck approach. The relevant information is
maximally preserved and restored while compressing the information between the two views. Experiments on two real domain
datasets show that the F1 value recognized by MIBRE reaches 64. 28 % and 74. 34% respectively, which is 4. 41% and 2. 98%
higher than that of LGGCN based on heterogeneous graph model. Compared with TDGAT based on attention mechanism model,
F1 value increased by 1. 89% and 1. 53% respectively. The effectiveness of the proposed model in security risk identification is
verified by experiments.
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Fig. 1 Multi-view IB safety risk relation extraction model diagram
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Table 1 Hyperparameters setting
Hyperparameters Values
Maximum number of words 150
Word vector dimension 768
Image vector dimension 4096
Batch size 8
Learning rate 0.00001
8 0.001
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4.3 XRWERSHH

AR AE BT AS B RO B b 50 E BT 4R R A A b, R
2 fZ 3 hFIH T A B LT BT P@N, AUC
Fl, 4 7 35 B AR SORE T (0 0 e, 181 2 T RT3 o e
7R T RVSR Fl RMSR _E (4% B 7 1] fh £k .

* 2 AFIETERIR S RVSR LHTEGE

Table 2 Performance of different methods on RVSR dataset

%)
Model P@100 P@200 P@300 P@Mean AUC F1
LGGCN 63.42  62.21  62.25 62.63 51.38  59.87
TDGAT 63.23  65.40  64.78 64.47 52.55  62.38

BERT-GMAN 55.38 54.16  52.09 53.88 43.10  59.26
PCNN+ATT 62.51 60.38  62.15 61.68 45.61 58.01

PRM-CNN 52.81 51.61 51.33 51.92 43.84  58.34
Ensemble BILSTM 36.64  45.30  47.67 43.20 43.68  57.91
SPCNN 55.83  56.12  53.34 55.10 47.84  58.34
EMGCE 50.32  50.53  47.28 49.38 46.53  59.15
MIBRE 66.53 69.81 66.05 67.46 54.16  64.28

3 AT EELRE RMSR 11y vEfg
Table 3 Performance of different methods on RMSR dataset

(CZD)
Model P@100 P@200 P@300 P@Mean AUC F1
LGGCN 93.86  94.33  97.80 95.33 59.05  71.36
TDGAT 98.20  94.15  93.93 95.43 60.33  72.81

BERT-GMAN 95.51  94.62  93.19 94. 44 57.34  69.21
PCNN+ATT 97.18  95.43  94.05 95.55 61.46  70.84

PRM-CNN 96.72  95.75  94.43 95.63 56.24  68.16
Ensemble BILSTM 87.62  83.70  82.75 84.69 45.84  63.27
SPCNN 88.23 86.17  86.26 86. 89 47.76  62.12
EMGCE 81.75  85.22  86.68 84.55 40.17  55.45
MIBRE 97.91  96.26  95.44 96. 54 63.06 74.34

MFE 2 F15% 3 th Al LU . MIBRE #6175 9 A4S 31 52 504
S I AR X H YOG RO AL, B ROk U, LGGCN
Fl TDGAT BB 58 5 g A 09 4] F s h— KL B R H
&1 1 2 I 2 4 4K T8 22 R AE (9 15 B, . I WA A e 400380 52 R R AE
AR [R)E, 56 ZR A BRI AN B . AR SO R iy T A
AEBATE T LR NEE R RCRE S THRT. T
ETRWE M LGGON 8, A U A F1E 4 B8R T
4.41%,2. 98 % s MR T H: T HE B JIHLEI A TDGAT AL, F1
AT 1.89%,1.53% . BERT-GMAN # 5 38 % 58
L SR AR R R AT 45 AR G A R AE L (H IR B0 44 % 56 R il BUIR
TERHRAE R 2 Y S5 AR T 28 H AL TR . X HE AR SR A
PCNN+ATT 5 SPCNN, ff T v 3052 44 < & 1Y ] 33, 43 Bt
PCNN-+ATT A~ REAR 4 b A PR 3¢ 5 il BOCLE S g (]
B J5 ¥ A SC#E B fl PRM-CNN, Ensemble BiLSTM, Ll &
EMGCE, B3 & 76 82 = 78 S5 B 09 3L A% 68 1 , 10 A% 32 1 B
RRH T 20 ANk a7 RGN E L B ET
G SRR R AR ) L Wb AR R T IR R SCE R PERE
X — WM EER W] A G| A BGAAA R T R AL,

N 2 FNE 3 R MEF A SO R TE A SR AR
WS TARGF M RCR . BT L 4% MIBRE 19 PR il £k S
AL F 5T A AL |-, X R R AR AN [R] / 3 B1RT $2 H A 45E
BT R 3. 7R I A U IR T i 1 o

AT LARE /2 4 [ R 2

—*= LGGCN

—¥= TDGAT

—*— BERT-GMAN
—<= PCNN+ATT
—— PRM-CNN

| —e— Ensemble BILSTM
064 W\ e

Precision

047 ot AR,

038

Recall

B2 FEEEAE RVSR b [RAS B i 5 52 45 [a] i 2%

Fig. 2 Precision-recall curves of different models on RVSR dataset
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Fig. 3 Precision-recall curves of different models on RMSR dataset
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Table 4 Performance of MIBRE with different numbers of images

on RVSR dataset

[€79)

Numbers P@100 P@200 P@300 P@Mean AUC F1
N=0 66.58 65.23 65.15 65.65 51.85 62.03
N=1 68.33 67.18 63.21 66. 24 53.34 62.29
N=3 66.53 69. 81 66. 05 67.46 54.16 64.28
N=5 63.17 65.29 65.88 64.78 52.03 61.42
N=10 64.13 63.91 61.39 63.13 50. 11 59. 86

#5 RFIE AR T MIBRE 7280984 RMSR |- 91 #E
Table 5 Performance of MIBRE with different numbers of images
on RMSR dataset

[€79)

Numbers  P@100 P@200 P@300 P@Mean AUC F1
N=0 96. 20 94.33 94. 65 95.06 61.01 72.36
N=1 95. 34 96. 82 94.71 95.62 61.97 72.81
N=3 97.91 96. 26 95. 44 96. 54 63.06 74. 34
N=5 94.23 95. 10 95.87 95.07 62.33 73.04
N=10 93.77 94. 36 94.40 94.18 60. 28 71.36
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