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Fig. 1 Meta—graph for named entities and relations of the domain—specific knowledge graph of petrology
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Fig. 2 A example for the annotations of the named entities and relations on lithological description corpus
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Fig. 3 The schematic diagram of the BERT—BILSTM—CRF model architecture
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WA TAEw b5l Plée I Fa kM
Tensorflow—gpu 1. 13. 1, FEIZSELER 1 PR,
AL BERST O 2, A TR A R KA B BE D 500 (55
PRI TR A 424) . LSTM A5 1 2
Mo B E 128, Bl R OR/NRE Y 768,
BV 2 A b g iR LA 25 5% Ruder (2016) 4
##[9 Adam & B PEAEAR , #0852 > 34 0. 00002,
Dropout & &4 0.5,

% 1 BERT—BILSTM—CRF #& )| %5 %
Table 1 The experiment settings for the training of
the BERT—BIiLSTM—CRF model

it i |

g lgamk SR @ |k

il e R T 3 Dropout
N kE | o | & 3

S P i3 S

2 500 128 768 0. 00002 0.5

3 ZERFATIS

3.1 kiR
IR 25 R P AL 45 R R FH (Goutte and Gaussier,

2005) 7 SCHY = AN FE b5 - 25 1fEE (precision, P) |
I (recall ,R) F1 F1 {H, MRIGHALENIASE 1Y
N EE A o TP S g IR B TR A i 44 S AR R
KRFRZENEL FP RRETFON A0 i 44 SR FI G
FADBRA A H E IR B FN SR Wz H
PRI A A 24 SR FIOC R AL, HRIRAK (1~
3) LIRS P R A F1(B=1)1H,

... _ TP (1)
precision = o=
TP
recall = ———— (2)
TP + FN
(B® + 1) - precision * recall
Fy = ’ (3)

B’ - precision + recall
3.2 WKER

BERT—BiIiLSTM—CRF #5807 V2 Jitid gk L, il
LRAEI R PREN Loss (EL AN IR TIE£E 451 5C BREN loss {H Y45
Wi B TS, R W B LA (B 4a) o IR
Je PRI AENASE A HESR P Ol 91.83% , B I% R
9 91.67% ,F1 {80 91. 75% (5 4) , ¢ B H 840
SCAR RN G RER A HREUCR, R 2 4 BERT—
BiLSTM—CRF & AI7E V2 jBRE LXF EZ A A KR
0R3 SETE7Y @Y1 RO Sl T ALY TR SN /1 X COMIN
“PREZE” T RMET Y SRR
TS T Bt 95% 19 F1AE, 7F“ IR 54,
VIR B AR TE LA ARG R AR I
Jri F1ESBET 80% , B BACR AR FHAR, ke
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SEFRURL B S5 M A AR Z

160 =] (a) 30 | (b
- |
\ — — — ik 4! — - — bk
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NP 20 N
s 1\ BAESERR & UnAll AP
E 80— \ Validating loss E o Validating loss
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Fig. 4 Training loss curves of the BERT—BIiLSTM—CRF model: (a) training loss curves on the second version corpus;

(b) training loss curves on the first version corpus
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Table 2 Performance of the proposed BERT—BIiLSTM—CRF model which was used to
extract the major relations from the second version corpus
BERT—BiLSTM—CRF BERT—BiLSTM—CRF
P R Fl P R F1

FEAE 75. 00 100. 00 85.71 FF RLE5 95.35 97. 62 96. 47

FEURY 100. 00 50. 00 66. 67 Fr B A i 92. 68 100. 00 96. 20

A Ay 100. 00 87.50 93.33 FETY 97.03 94.23 95.61

BE i 4 71.43 83.33 76.92 KT Y 84.00 91.30 87.50

ey REN 94.52 98. 57 96. 50 e e L) Wy 28.57 66. 67 40. 00

AR AN 86. 67 92.86 89. 66 (Y % 100. 00 100. 00 100. 00
DU € 100. 00 100. 00 100. 00

% 3 BERT—BILSTM—CRF =37 V1 fiUER EX EFEE A G A LMEH

STURBUER R

Table 3 Performance of the BERT—BILSTM—CRF model which was used to

recognize the rock named entities on the first version corpus

. WA R . WA
17 45 SR i 44 Sk
P R F1 P R F1
Eeyal 96.77 | 95.74 | 96.26 2kt 100.00 | 100.00 | 100. 00
it 98.21 | 99.10 | 98.65 i3 100. 00 | 100. 00 | 100. 00
Y UERR TR 100.00 | 100.00 | 100.00 oY 94.59 | 97.22 | 95.89
RS 93.75 | 100.00 | 96.77 ok & 94.74 | 100.00 | 97.30

b P47 BILSTM—CRF # &1 Al
BERT—CRF 45 % it S A L 51 Al 5
A4 AR 5 e R B A PR IUTE 55
TH Al Y 3 FRBTAY Y M REXT L
DR 4 J7s o XU R M 2%
PR JZ (BILSTM Layer ) Y 2= BR XF
V2 EAR AR b S A OC RER A SR
5% MR F6 A7 %, F1O{H A
91. 75% %K% 89. 45% , {HiZJZH)

J T 5B O & B BT H, AR RO
BERT—BILSTM—CRF #AIFE V1 iRk Liidr 17
FBE A w24 E AR B RIS IR S R bR AL
loss B FNEIE AL 25 pRET loss (8 [FIREZWIRN, #4 T
WS, A LB B L5 (B 4b) o YIER S5 AR A A5 )
REE FAWER P N 96.79% , B HE R N 97.97%,
F1 {5} 97.38%, % 3 ;) BERT—BiLSTM—CRF 4
RIZE VI RRIERE L0 3225 A i 44 SEAR Y 43 T £ L
HEWRRR G R, A a4 SR LS T R
95%11% F1 1, }i# BERT—BiLSTM—CRF #5
AU BT TR S A i 44 SRR I AR 4
AT BIRICR o ABE— 20 U AR R R X 52 2 1Y
AT 0 T i A R ) B AT SR AT AE AR

TR V1R b B SEAR
5 MR oA K, KBRET
BERT f4ial#x A JZ 5 f9 BiLSTM—CRF #5547 7% 17
55 PERE 1Y) W BRAG, AT 2 AR B, itk
AT, 76/ RS 2= 2R b AR fin AR
BTN 25 v SCHE 3 ) BERT, RE A% - & 0l 1] B 15
SC BT 2 2 5 A 1 R ) R RS A B
INE R 5 A i 4 SR R OG R AR 2 B LA, 7T AR A1)
FTHERAGPERE

& 4 FERE XKML R

Table 4 The comparison of the BERT—BILSTM—CRF model
against the BERT—CRF model and BiLSTM—CRF model on
rock named entity recognition task and joint entity and relation

extraction task

2 - .
° TAh | BiLSTM— BERT—Ril.STM—
3.3 HEhRIE fE5 sebr | crp | PURTCRE CRF

H T K% BERT—BILSTM—CRF B8R, s | P 0 97. 57 96.79
ARSI AR I T ERIASCHE (vimagry | S| % T o
%*ﬁﬂﬁ?%ﬁg?ﬁﬁﬂiﬁ%\o iﬁ%ﬁiﬁ%%%”%?ﬁ /’éﬁﬁ%;@ﬁ:ljjjé P 47 43 89 78 9] 83
XA ST B2 ( BILSTM Layer) — RBCAHIR(V2HE | R | 5181 89. 13 91. 67
Fl 3 T BERT i # A & ( BERT— WD Fl 49.52 89.45 91.75

Embedding Layer) , 7E V1 JCFT V2 RCECHE 4
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PRIUELA A5 v (3 P, R 02 B R i A o
W a4 LR IR BCR B T 3 R R

T BERT—BIiLSTM—CRF 45 I 75 B 4R 45 14 |
i Y TR i 25 A8 UL S 2540 1) o R i 44 SRR G
RMWER G HRBUT 55 B0 A A2 | [R) s A58 70 7 P —
A LR AUE S 10 R AR AR, J5 S Bk S TT
JR LT WK B ) SR 5 5¢ RIR A R I 5%, OF
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Abstract: At present, the geological survey is developing from digitization towards the direction of
intelligence. According to the big data thinking, the machine reading technique and the auto—extration of geological
knowledge based on the unstructured data deserves academic concern in geosciences. The problem about joint
extration of the geological named entity and relation is the key to this research and yet it is lack of study. This paper
proposes the BERT—BiLSTM—CRF model based on the pre—trained Chinese language representation model which
was called BERT to conduct the joint task of geological named entity recognition (NER) and relation extraction
(RE) on the lithological description corpus. First, the sentence—level corpus was collected from the the profiling
and field geological observation data which were produced by the digital geological survey information system
designed by China Geological Survey ( CGS). Second, based on the theory of petrology, the meta—graph was
projected for the rock named entities and relations and the corpus was manual labeled. Third, the comparison
experiment of geological knowledge extration task were carried out on the labeled corpus. The experiment results
showed that the BERT model does apply to the NER and RE task on the lithological description corpus. The
performance (F1) achieved by the proposed BERT—BILSTM—CRF model on the lithological named entity and
relation joint extraction task reached 91. 75%, and F1 even reached 97. 38% on the task of the named entity
recognition. The ablation experiments indicated that the influence of the BERT-embedding layer is prominent on
the lithological knowledge extration task and the BiLSTM layer can improvement the performance of the entity and
relation joint extraction task.

Keywords: big data thinking; deep learning; pretrained Chinese language model; named entity recognition;
relation extraction
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