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FEZS LI Bh B S ATl OB 5% o, Jang 45 1058 2o A1) 0k 43 Ak B R BCHE | XA — TRUE R (9 54 Tech-
Word #EA47 #0855 22 43 B 3R 500 A Pk | N4 1A] 5535 F1 SAO (subject-action-object) 4% #4) H $E B TechWord {5 1
T 38 Ao O PR B R B A 1) 22 ] Y G R R — A % TEAl TechWord 6 356 1] f) 88 22 | 4F i b B 1 % )
HUE) TechWord , %07 125 3R B0, HLAS 5 20000 R b A BB IR 2R A7 0m T, (IR T8 = T A 3] e T 2 38 i )
LSRR IBCRH IR, B L A HEAT A AR Tt 2 — RMERT

H SR 15 5 AL P ( natural language processing, NLP) ) i 45 SE AR TR 51 (named entity recognition, NER) (3] i
ARIEFE PN SCA rp HA R 8 B R SEAA i 44 SR [l R0 5 i 2 0 e S bR AT 55 . 107 538 T T AR S
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R 4 i 44 S A YU BIF 5 RIS 2 T B S S T T I X S AR R AT R TR A e e, L
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BOHE Y R 5L T 1038 G sl A5 G0 S AR SCRFAE 2 20, 3 1 S 30 0 5 450 Al 1) S AR A B, A e AR TR 4
BERT-BiLSTM-CRF £ 44X 4 F1| if (9 SR s AT I, bR T T BILSTM Z5 44, Il 2k 2 18, Jf FLIX 86 1 22 [
2R AR 1Y i R Jr BIR M R AR R A s T R

T R AR AR e R HAT AR A R TE N BT AR T X0 ROl b VR 3 R T — R YRR . A
SO PETEAT PR bR VRS b S — AT A A i 4% SRR AL

FEAT BR b v £ 1, — Se o N B0 FH AR RS 2 20 i D ik AT A O A TR A AR IS 1 AT
BHEE WL R R UL, 1Z R ME LLAR AT, JC ik I #% 27 21 il e 2 A rh B SRS IBULE 55 . i A B 2 )
AL A DRV U5 ) 0 FH O 3 Y O TR T R AT A5 U Y ) AT W LM B 4 32 3 1) e rh K
I b B S0 o D) AR S R AR T TR I S A 4B R DR i T2 T R B X R S R iy 44 S AR TR B RS
R Ph L iR T B bR T A TR ok AN TR M Tiang %5 U0l WE 2 2T (0 i AR Sk P 4R B AR
Wy Be 2 Se A, 4% BILSTM-CRF 104 fiy 43 S AR UM B A | 2R J5 $UAT Bootstrapping i 72 , 1% J5 i i FH 1 118 4 4
S L ORI AT AR IR R e, i b A AR TE — SER R o 1) &R b bR g Bl A Ak
PR R G, LA AN By 5, RBUS G I T I LA R, 2) A RY BERT B AL 7E BUI 25 4 1
T 45U 0 1R | TEORHEE P A & R O T BN, X R AR AT I R — E B9S2 . 3) BiLSTM M 4% 4544 0
EIRAT R IR B 1%
1 EFFBEEEIMBINEGIESEEMR AN E

VAR TR AR TE 7 A BT, (8 I 2506 5 AL (0 05 R AE 2 500 NLP AT 55 AR EU 1 S B 1 1 g g
FEAR 2 TN ZR 08 5 B rp b 3 B AR R M A BB 45 ELMo ( embeddings from language models) "' OpenAi
GPT( generative pre-training) ">’ fl BERT ( bidirectional encoder representations from transformers) > ‘& {I1#f &
P2 2R TR ot 2 IO 2% 1 5 SRR XY i 0 5 v R B R A, ELA T b 2 W 4% 9 5 vA T LSS & R SUfF R
RS SUfE BA R T B R G RE AR T, B DU SCH R A 7 %005 ik I i AL

SO K W3 15 4 S BT
TUFH S 5 04 77 1 Al D b 1 508 A ook A R) AL,
SRR S B BERT A2 S Al 12 F
SRR W PR RAESS B, £ BERT i i 38 73 %
Jin 2 4 B ML 3% ( conditional random field,
CRF) %0 2 o b/ 2 I g 4 M 56 3%, 358 1 3 75
2 JRy B e 1 SE AR BR AL 91, OF AR e i 9 Y
PRI A A AR 3 T2 W 2 ) B 1 b 4 W
ARG S AT SEE T BERT #5281 1 P4 fE
2352 B S I 18 95 09 75 BF I 1Y B 25 AR S
i 45 08 P R 1 L A 8l 7R IR A B BERT #5478
e i s ]| 2 G S Sl AR I KB D VA
BORAER NP 1 fros . Kb E B, JE, R

BERTHi#Y FIWT TR

QELX3: 2]

N — - . R
7] ] i, BPBE R A% A 3 Trm 7R Transformer MALHHARL
GRS SEM s T, T, - T, FamBE ki 1 ATHEHFI I GE TR A E R &
1.1 FilsiE=sEn ‘ Figure 1 Technology entity extraction method based on semi
. R B T= =1

supervised learning and pre training language model

BERT /& — P Flill 2515 5 B8 B 7 KA
TERLEE bR F 22 J2 I Transformer™ ™! 4 % 4
P, T H R I HLEIRT SCA AL TSR T ORI G B 2 45 48, I 2 4 5 SR R e T R BT AE ) R SC
WX R  Ree 2= 2R 1Y 2 Pk, AT LAAR S BT 47 0 18] 1Y 20 A R o KOS B B I 2508 5 A R 8 Oy
AR FUABLA /NG [ ARG 5 A BT 55 $ L AR TR 2550, a0 1 4 AR TR f P R

Transformer & — % F £k EE%ﬁ*ﬂ%’JE‘J@EM?ﬁ, H = S AL 32 2 A o W — A~ F e S e
22 [R) B O HK R R ] AN E AR RO I o AR R B R AE B T A 2
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K’
Attention(Q ,K,V) = Softmax( 0

k

g (1)

Hrir: Q K.V &P, d &6 m s r e,

TE Transformer 45 4 F JG 12 FIAE 20 # 28 B 4% (recurrent neural network , RNN) — AR F RN AIE
BN T iU AN 8, Transformer 762085 AL B 2 BN T L & g%, I 5 5 A 1a) 1= B9 B0 2R 47 40 m, 45 2]
BT R A TR ALE

AT Google & A7 i) BERT-Base Chinese J&RE I #E47% R K4 L W) 2k |, 15 8] — 4L F] 4038 ) BERT
N it 5 B AL R XS AT AT 55 BE S A BT A B
1.2 FHRENE

T4 44 SR BIME 55 b 8 H R A BIO FRTE D75 B BT RARIE N “B-X" “1-X"8(#F“07, Hrp,
“B-X"RRMITHRTTEM A B s T X 2880 JF H T RAE M 7 Beiy T 3k 5 “ 1-X7 ORI OT R T 72 19 i B
T X KA JF H T R R BEy AL E 07 RN AR TAEM KA, BERT BRI RER R RIAE S A BT
SRR TR RALAR R HJ2 To ik AL B BIO 5 28 458 2 2 18] AR OC 28, 4. “ 07 AR 28 1Y T — A 48 vl DL J2
“BhR% HRAT LUR T RS “ 1A% — ETE B I & ZE A M3, B DL PR BE DL BE 08 38 30 A7 &5 1 b
ZERAF— D IR BB 55 TSRS BERT BEALAYA 2 o 2% BE HIL 37 150 A0 0 ik 1 1 4 IR S B 11 73 2K 2 )
T e AR A P(Y [ X) o X TAE—ADCARFI) X = |x,,x,, - ,x, |, HHE BERT B8 14 5 ) 1
MFFFNY = Ly y,, ey, |, B SRR P(y | x) SEATERL.

Z(x)eXp( g,/\m,um(yifl,x,i) : ;B,zt,,(yn,x,i)), (2)

Fovps § R AT TR o PEVR T moon 2000 3R 2 ET A AR IR s BCE B e, RN TR b R
TiE PRV, Bk R e B RPAIE i 38 DA — 4 2 B 2 1R 28 00 2 (A 5 2 A AR — A R AL G
FoRE SCAET b SRR AE pRVE, FRORIR SRR AE i 3R — S WD 7 9 b i by T AR 48 B0 A R RS Y AL
A K B, A, 43 AR RFAE R ¢, F g, XA R B, T R AR RO (S AR 5 Z () AH— AL T,
TE JiT A A] BE B T A B AT SRR DB AR AR 4 R 5 — 1k BT AR
Z(x) = 2 exp( X A, (v x,i) = 2By, x,0)) (3)

TE 2 SCREE pRE B B, P LURE S s A R 4 R E R 0 W AR ECER 58 & O 1, H T B AR bR 50CHR 43 TiE
A BCE S, B AN R I 40 R s Z R AR O OC R, W32 RS AE ek B A S 8 TR R 85 R R
T T 0, LU 2% > b5 2 22 [ A9 AR ELAR S OC A%
1.3 FHEZI

B S N AR i — 0 B U A BT BUE B Data-Seed , {5 1 088 B U1 25 — A0 1 19 i 44 S AR 1R 531
BB M, 18 AR R A R bR 38 A BN £ Data-Unlabeled & WUNFEAR fFR 25751, A 5 15 i — 1 1 {1 2 B
AR LR A bR 25 e 91 T IEAG AR 28 e 91 T S, 5 T AR 28 R S B RE AR B Data ™ 5 Data-Seed il 5 74
B A Bl 4 Tk A A 424 SEAUNASE AL | 2 3k B e R 3k AR BB I A bR 48 47 149 31k B T AR A
Gk HE . H BB BRI 1 ik,

Bk 1 RN T W 4 SR U Bk

I\ 16T RIEE S L OISR BERT L8 BERT-Patent, 5 4 bR iC (#1750 4 Data-Seed , R A bk
C I EUE 5 Data-Unlabeled

B . 4% SRR M

1) M,=BERT-Pateni( Data-seed)

2) fors<« 11t K

3) if Data-unlabeled =)

4) return M,

5) end if

6) sentence=M__ ( Data-unlabeled)

P(y|x)=
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7) p=M_ (Data-unlabeled)

8) ifp >0
9) Data”™ «<—sentence
10) end if

11) Data-seed+=D"

12) M, =M, _ (Data-seed)
13) end for

14) return M,

2 ZRig

2.1 HERMRAMEEIEE
ASCUEE T 6 080 130 2% & I (1) 475 22 85 U5 FH ok %F BERT #5588 47 151 Il 25, N T 45 21 38 1 T % 1) 450388 1)
BERT FAY 04l >R U8 T 1L 78 R R E AR 22 5 77 M 52 e F 32000 1 < L P R 22 = AR B i P 67
PLTHRHL R R T 1 691 5 A B A 14 288080 43t 4 025 DREAR (— 435 — P FEA) |, =
AN NAFH brat ARk T EARE T 18 100 AN SE4K  IF AT N TALE: o i T 55 G Al 504 4 19 B0 E 0T A5 78 2 > 2
R FL A K S 0 BCHE e LU A9 R 3 A RS B BN R TS AR A0 B R A3 25 R AN SR 1 TR .

R1 HEEX B

Table 1 Dataset splitting and size Bz A
K53 L ) A bpic ) T4 A bRic SR % KRR n) T 5 ER AN
0.1 403 1 966 3622 16 134
0.2 805 3578 3 220 14 522
0.3 1207 5278 2 818 12 822
0.5 2013 9 151 2012 8 949

AR SCHE R BIO A T AR XS e R Hh BB SR AT 453 - B-TEC, B Begin Technology , %7 4 B B 5 14
¥ 1 ;1-TEC, B Intermediate Technology , 387K 2 Fii Bk 4 S A SE L2 5 45 5 ; O, BV Other, FR/R KA 745, F T
PRICTERTFAF . ARk fl i3k 2,

R2 HBATETY

Table 2 Example of data annotation

T — fif A Bl 4 L 1 1% & # 1 B
bR E 0 0 B-TEC I-TEC I-TEC  I-TEC 0 B-TEC I-TEC  I-TEC 0 0

AR S PR IE ] ST BERT #ERIVE Sy SRR HABAB AL anF .
1) 2 WB e ) 45 438 F 4% 3 BERT #2 4 ( BERT with SS) ;
2) LR BERT £ ( BERT on Patent) ;
3) 2 Wk 5] gk A L AT 9 BERT #5250 ( BERT on Patent with SS) .
T UE A ST 1 A R B A R R N R H AR i 48 SRR U BN B AT R PSR
2.2 EMER
N SR A 44 SEAGR BT S5 E G SE AR HE AR R pre\g’;ﬁig [n] 3 rec,F1 {8 DL B AR 2 TEH628 ace 1E N
13 S A IBORSE AL P BE B PP FE b, TR A 0
pre = R B TE A SEARE 7 P H Y SRR
rec = PN M A TE B SEARE 7 REAS 1 SEAR AR,
F1 = (2 x pre X rec)/(pre + rec) ,
ace = U B IEB PR 5L / FEARBYBR 4L,
2.3 BBHELE
SR Google &A1 1) BERT-Base , 324 12 J2 Transformer 45, 5 n] & 4E & 0 768,12 A~ A= J1 3k,
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SRR I 110 M, B AKFIIKEE N 202, batch_size 4 64,2 > g le=5, dropout } 0.5, LSTM Faiji J2 550
ol 128,
2.4 BILSTM ZE X7y & 35 iR 542 8 i 5

# 3 IR T BERT-CRF %544 fl BERT-BIiLSTM-CRF 254 76 A [A] %1l 43 Fb 491 & A B0 4 - g PEREST HL . 18
I SIS A B, AT BiLSTM J2 (1 9 £ 25 ) Xof il 44 S AR U5 A9 R0CR 32 1 01 1 3 (H LR BiLSTM J2 9 1)
KSR TEFERT . X BT BiLSTM 2 ANRE A7 I3 A9 A &2 | Al B, BERT A5 U3 4 Self-Attention #L il g % 2
M E|EFSCHRNE R . M2 T AR SCERE T BERT-CRF 45 A4 15 Ay iy 4% S 44 TH SR 80 %) [0 2% 45 4

R 3 BILSTM E 3t % K12 A M4k 89 % vh

Table 3 Influence of BiLSTM layer on named entity recognition performance

YRR /s SIAR R
X1l 43 Eb 4]
BERT-CRF BERT-BiLSTM-CRF BERT-CRF BERT-BiLSTM-CRF
0.1 282. 766 352.075 0.798 9 0.780 4
0.2 530. 257 648. 131 0.837 4 0.840 2
0.3 619. 859 772.758 0. 888 7 0.883 2
0.5 1 078. 408 1 301.786 0.919 9 0.922 5
2.5 BENERE 0.90

2 R T B R RS R B FF R 45 1 FL A oss
e, AKIH RN R WU G TR AR B, e O
T, B 0 G 50, AT B RS O L,
(50 A 201 ST 00 0 K, L 560 RIS Soso
BEREE L PTG (2 S6R % MR 05 T B G, FLETE 08

t%?

BT B o 3 U T B 2 A 4 ME R G TH T S URORE B Bkl 07 =9
I T I A TR 5 0 T Lo R O S 4 T AR 3
*ﬁ%%‘:lﬁﬂﬁﬂlﬂﬁféo 0.1 02 03 0.;;%%0.1%%[%@07 08 09 1.0
2.6 XBERRSH B2 RRAREBFE AT 6 %k FLAL
LREAR AR A s 4 RansE 4 fr7s , AR Figure 2 Entity F1 values under different label
WA e A AN IR b R SC R 45 R AN3% 5 B probability thresholds

Fd4 FRBEESHHEEE LG ZRHAR

Table 4 Experimental Performance of different models on patent dataset

PEAN HE AR Rl 43 L 4l BERT on patent with SS BERT with SS BERT on Patent BERT
0.1 0.857 9 0.839 2 0.794 9 0.754 2
X 0.2 0.872 3 0.856 4 0.822 6 0.799 3
S R
0.3 0.910 6 0.897 7 0.886 4 0.863 0
0.5 0.933 3 0.933 1 0.916 6 0.902 7
0.1 0.856 3 0.854 9 0.8222 0.813 5
0.2 0.880 0 0.855 3 0.859 3 0.846 4
S (]
0.3 0.900 0 0.892 6 0.889 5 0.881 8
0.5 0.915 4 0.905 8 0.913 9 0.890 5
0.1 0.852 1 0.847 0 0. 808 3 0.782 7
0.2 0.877 4 0.855 8 0.840 6 0.8222
Sk F1AH
0.3 0.905 3 0.895 2 0.887 9 0.872 3
0.5 0.924 3 0.919 3 0.915 3 0.896 5
0.1 0.967 1 0.964 9 0.957 2 0.952 2
. 0.2 0.9719 0.967 8 0.965 7 0.963 1
PR IE 1 R
0.3 0.978 8 0.977 6 0.9757 0.972 8
0.5 0.984 8 0.982 3 0.983 6 0.978 9
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RS FRBAEARBDRMEE LY FRAR

Table 5 Experimental performance of different models on People’s Daily dataset

TP 45 bR Xl 43 Ee A1 BERT on Patent with SS BERT with SS BERT on Patent BERT
0.1 0.910 2 0.9212 0.865 2 0.898 3
i 0.2 0.9153 0.923 7 0.899 9 0.909 5
SR v T R
0.3 0.9259 0.929 2 0.913 6 0.917 5
0.5 0.936 5 0.943 3 0.9239 0.9312
0.1 0.916 4 0.922 7 0.895 8 0.910 7
0.2 0.926 8 0.932 7 0.919 4 0.922 9
SR A ] R
0.3 0.9355 0.9352 0.927 3 0.925 7
0.5 0.9515 0.946 6 0.944 9 0.943 4
0.1 0.913 3 0.922 0 0.880 2 0.904 5
] 0.2 0.9210 0.928 2 0.909 5 0.916 1
SCfR F1AE
0.3 0.930 7 0.9322 0.920 4 0.921 6
0.5 0.944 0 0.944 9 0.934 3 0.937 2
0.1 0.989 7 0.990 8 0.988 0 0.989 3
. 0.2 0.990 2 0.990 9 0.989 7 0.990 3
bR 25 1E 1 %
0.3 0.991 3 0.991 4 0.991 0 0.990 9
0.5 0.993 0 0.993 2 0.992 6 0.992 7

T S &I, AR SCH T R AUE S BERT-CRF J7 VA Al H, HERR % A M3 F1AE48 bR 0 0 33 E T
6.37% .2.99% 4. 63% ; 76 N H 808l 5 o 5P ¥4 7 2. 87% (1. 24% 2. 07%

e W 2 ] Ty e R S A BUE BE Y B2 W 3R 4 T DIAS SR T W s ST HE SR R A 45U 1
BERT FI& | 455 1Y) BERT A APk REAE MEH R F 43 X458 1 5. 18% F1 3. 84% . B — B4 14 Jit A
e W B 2 2T FE YN Zhoiod B2 rfo AR 22 TO AR 28 B0 R R AR 28 A5 . B 1 M R P e 1 Tt

TR L5 5 4 0 Bl 4 S ARl IBOPE BE (9 52 00 1h 6 4 FT LAAS M, 4 A4 BERT B %0 A L 38 455 %)
BERT figf% 75 B /D A 80 4 4R 200 Z 0 RHE Sk, T % RIS Y BERT BB 22 )5, 4l FH 2 B 2 )
HE 2 R T FH 2 WA 2 ST REZR 1 SR [ 3 53 0 S 34 42 T 1.329% 1 1. 08% , 55 BL R sf, {1 & ) 43 358 1
BERT # A1 2 J& | B % Ar i A0 dl 42 A0 b7 K, B AL PE e b fa e, XUl WA ZE i T K 0 & R B =2 05
BERT 5% 7 G % 5 w2 20 i fih B ) SCA o %5

ARV EE S L P RE XS e 26 5 T RAAS 7R B S ST HE SRR 6 N R H R s 4 i
S LARAR B RR IH R I T e B PERE . RIS & 30, % R 4048 ) BERT BEAYAE A RS H i 8 ds 42 1 iy v
RE S Q03 FH AR 9 BERT #5580 53X — 253601 7 BERT BE5Y i1k B 5 T Il 2 ) 15 i e 4 B 00 6 2

HI 3R 4 FIER 5 B34 IR R B, bR 4 1E i R B it T SE AR B PR 48 A , o B0 A I 5 109 IR 2 R S0 i
J5 R B8 W Hb R 3 SR A S BRI IE R PR AR AR

3 ZFiE

AR S R L M SCAS rh B BRSSO 55 P50 17 3 T 28 M B 2 ) MBI k3 5 5 280 B9 L R R S A
FHICEERL i 7R i LR X BERT A AL k47 I 25 , A7 BE 65 5 4 b 3l & ) b 9 RR AR A R, T 45 &
CRE A iy 44 SC PRGBS R ol J > Wi B 2 o0 10 SEVAEL gt ke L ) R0 S MR el BB ) R, 36 5 S BRI B 17 A SC Y
7 ¥ BB AR A T 2O AS A2 11 B0 T O A P AR SR AR SCT AR AE L RIS 2 & R (Al 45 e 42
P TAE R A 1 B AR

AR SCHE T R AT R 75 I8 HE— 0 B e B2 S M il BB T 2 A TR S A B, O 7 ORI TR 4 52
PRAE B L A SOAS HEAT 2 W 2 90

Sk
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Technology Entity Extraction of Patent Literature with Limited
Annotated Data

YUAN Zhi’an"*? | PENG Furong"*’, GU Bo"*?, QIAN Yuhua'*"’

(1. Research Institute of Big Data Science and Indusiry, Shanxi University, Taiyuan 030006, China;
2. Key Laboratory of Computational Intelligence and Chinese Information Processing of Ministry of
Education, Shanxi University, Taiyuan 030006, China; 3. School of Computer and Information

Technology, Shanxi University, Taiyuan 030006, China)

Abstract; Technological information contained in patent documents was in the form of vocabulary. These
vocabulary was called patent technology entity. Extracting the entity accurately from the patent was cruci-
al for scientists to improve the efficiency of scientific research, and for enterprises to deploy the patent
system. A method of extracting scientific and technological entity was proposed based on semi-supervised
learning framework and named entity recognition model. It took advantage of semi-supervised learning to
make up for the insufficiency of annotated data. At the same time, BERT-Patent model was pre-trained
from the generic BERT model over a large patent corpus, in order to improve the feature extraction per-
formance effectively in patent context. The proposed method had superior performance in terms of accura-
cy, recall rate, and F1 measure; specifically, it was scored 6.37% , 2. 99% , and 4. 63% higher respec-
tively on the patent dataset, and 2.87%, 1.24%, and 2.07% higher respectively on People’s Daily
dataset.

Key words: technology entity; patent mining; data scarcity; BERT; semi supervised learning
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