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F #73% BERT_BILSTM_CRF' AT Z, AP R4 4 SRR FE R EER OB FABRHEBERANER, M TFLLHE
BT RGMIR LIRS L FRRAN L EEFIMAEXS T 88.6%. 2 THARSL A e AR, KTt {i#H Ak X
XEZWGELE AHHER B mBELE IR ERRESG TR, FANRE A EA TR X E FTHRALYSHAR, RE&H
BNk T B R AL BT B AT AR
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Analysis of Technology Trends Based on Deep Learning and Text Measurement

WEI Ru-ming' , CHEN Ruo-yu',LI Han' and LIU Xu-hong'"*
1 Laboratory of Data Science and Information Studies,Beijing Information Science and Technology University, Beijing 100101, China

2 Beijing Key Laboratory of Internet Culture and Digital Dissemination Research,Beijing Information Science and Technology University, Beijing

100101, China

Abstract Traditionally,technical trend analysis tasks need to be done by experienced analysts,involving a lot of literature review
and data analysis work, which is time-consuming and labor-intensive. Facing the above problems, this paper proposes a technology
trend analysis model based on deep learning and text measurement,and a domain specific named entity recognition(NER) algo-
rithm based on the BERT_BIiLSTM_CRF model is designed with optimized masking mechanism. Taking news and literatures
texts in the field of integrated circuit as data set,a comparative study between BILSTM_CRF,BERT_BiGRU_CRF and the opti-
mized BERT_BILSTM_CRF " model proposed in this paper is carried out. The performance of NER is compared and analyzed.
Compared with other algorithms, the proposed algorithm reaches 88. 6 % (measured by F1 value) ,laying the foundation for tech-
nical trend analysis. Based on the characteristics of knowledge graphs that relationships can be naturally expressed,an innovative
method that combines knowledge graphs with text measurement technology is proposed,and the results of technical trend analy-
sis are visualized from various perspectives,and ultimately assist analysts to carry out intelligent analysis of technical trends.

Keywords Named entity recognition, Knowledge graph, BERT_BIiLSTM_CRF, Text measurement, Technology trend analysis
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4 75 WA o B T T A AR AT ol ) T o £ 0 5 4 2S5

2 BEWSMFRIIK

A BB —HRS AT, Wang' TR H
RRAE DL B AL 55 295 5 1 A FE AR 1Y BB 43 BT R — 48 R0
AR K s Gupta 5738 52 43 B 208 7 4 00 K2R 0 7
At B o 30 A B E) B A0 BB SR Rk D R 8 9800 Oy ik 90 3
BENE R TEENRE I & R e, Lit DL TR 4l 15 1 bl A A
T8 33 43 M TG 4 38 15 He R 1R A 8 KN L A AT OE A B R 1 K
Mg, EaRWEIT A MO ) A BE R (] A5 I8 0 AT AR
Mr ABRAFEAE 3 DN IEFR BB . D 5T AT BRI K £
Lo AR AR BB EE RN S A 25 BUA AR AT R S
T 28 36 AN J2E 3T DOl 25 3 LT 5 2) BF 5 25 40 A [ PN AR I A
b (4 & JR e it 3T A 4h T I T R AT R R A 0 LA
SRR A GRS 3D BFIT A 2 NI — 4R kL I L6
9 X 7 B S T AR 2D 5 T B TR] Y 728 A6 X AT Ml 69 5 1)
A7 TR 2 B X547 oMl 69 52 W A7 ol T90 9 B 52 38 X6 A7 M ) 52 W
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AR SO A B AR S 5 B Ok B AL T O A 4 S A
PR A B B ] 38 S B M BT T 4 R 4G Ak S AR o
14 i 45 21 o A B AR R 35 A7 T 3k 1 T

£ % 5% 4 1 B (Named Entity Recognition, NER) , ¥ &
IR R BRI AT 55 L B 1 I S A R Y SO B
T IR0 B R E S S, 7 MUC-6M 2Z i iy 4 3
RPN EEHTIRNAL A WL = KRB, N
MUC-6 FF 5 , 058 A 53 IF 46 4 % 45 8 SO AT L A 4 1737 51
TR 5T U0 B 97 450 1) iy 4 SRR N T L 2 A 1) o 4 S 1
AT 4

i 45 SRR M /T H AR IE T AL PSSR A B T AR . 3
S T IR () 2 T ) SR R0 A O kT B T T
J7 IR R R b 2 R A T

F T 1] LR RN 7 27 2 T % A 1R T AE ) I W) 3R 3k =X
o R fof T OR] B A A A 5 A R DG I HE Ok L 1 i A
TR BT 55 (0 45 5 AR 6 v AT 22 HL T AN T 434
W FE 2 XS 5MNEE . FoH A L, R R T H#
T F L., ERTHI TN E a4 5 ERiR
Sk 2440 R 0 b v e, o K A A R A 2 o A A
R [ J5 ) s T A8 78 ) T o A A E R AT AR . H
%7 ¥ X AR B AR S e L T B Y AT T 4% U i 44
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FREA SRS A B T — AR AL (0 A AR SR — A
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B A 355 R o B v B8R T R e R L 2 20 kL T LI i
e F I i 24 5 A U0 U LA AR i A, B L R TR A R
# £ %A . BERT_BiLSTM_CRF,LATTICE_LSTMY , CNN_
LSTM_CRF-" 4

o 7 iy 24 SRR T % & . BERT_BiLSTM_CRF #%
IR B N2 I B AR AR 2 AR BT T R85 i s . an
Gaol'VHE — e B 55 L T — 4%+ BERT W BiILSTM_
CRF iy 44 SE AR BB AL, I 76 BILSTM Il CRF Z [A] 4 i 1
Attention W %%, DL I %) CRF B fiv 44 52 3R 9 47 8 91 4k 5
Guol' 3 T 2T BERT_BILSTM_CRF i 3 2 52 14 92 (R 5
RE VR B0k I 38 i 5296 00U T BRI A A L B TR R
2 0 R B R R

B2 BERT_BILSTM_CRF J2& 3 F 3 i R4 H 1. N
T AR B S SO0 AR TR SCfE B R B OR i B AR 215 B B AL
VR T 40 AT T 00 B0 A Ak T, KA 4 i 4R A T Y
REAE . XSO E L S A 0 E B TS N E R
S G FERD AL DL 0 b B rp S SOAR S T I
B BT LAASCX BERT Ak B #80 3F 45 T 446, LA A 20
LA ) 5 0 A Ak 3 AT G A Ak B v ST SO AR I LA AR AT
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A 34 T BERT_BILSTM_CRF® (ff 4k BERT # %
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Fig. 1 Overall design of trend analysis model

3.2 NATAE

SR FH T 18 B s SCAM AR Sy i 44 S AR T BR[| R B0
IR R 9 B AN S A% OR B8 — T B0 A7 7 AR BB g L4
BRI T B AR A TR O AT AL B K R A A b o B BN
AT 5 3B 20 B8 A 815 8 i e 2 0 i R AT 45
) SERRAE N SE RN R 9 12 A BE Ty L B AR AL
3.3 U H G B EEIR A

i 44 S AU R 43 2K ) RO S 4 AR TR, 43 2% ) U
FA U SCA I TR /2 B — s AN L T A 44 SRR
SRR SO T SUE BB A B R MR

W3 B BERT_BILSTM_CRE” #HI i — 4 A To-
ken ) BERT FIFH F % A7 77 5] & (9 BILSTM #E 8 D) b — 4~ 4k
PEHE CRFUI 4 . BERT % ] Transformer 5 1 J 45 15
A5, T ] ] e A SOAR ) e AR D R A AR 1Y
ABET % A 6] ] i Ak L 8 75 2 T 20 4 R i SUE B A
fi] 3 R 0 3% 1) 7E SCAS mh T AR A7 B A AL B ) . JE G R Ak
BERT Y #ET AL, (o L 30 5& B F b SOAR SCF 51, X 4
SCHR SR b SO R B R A (A, ] BiILSTM J2 %t 4 A7
G it S gm T Ak 3, 45 B IO AR 28 )7 B . WS CRF, F) JH 5%
0 W A DI i M B 255 22 TR 18 I, BT o 0000 14 94 Ay 2%
MERLEER WA 2 fFs

' O  B-LOC I-LOC 0 0 I
& 4 o
@, CRF
BIiLSTM
A4 ~ ~ ~ A4
RICLS]] [RY] [RG] - (&Y, ] [RBEP]
(5] [E] [&H] BERT
| % f 1 1
\_ [lcLsy) [x ] [ ] e« [x. 1 [ISEP]] Y,

¥l 2 BERT_BILSTM_CRF J # [¥]
Fig. 2 Schematic diagram of BERT_ BiLSTM_ CRF
3.3.1 BERT E#t
TE T S P A A AL A I 5 4K SO AT 43 ) Ak B

L 2R 1) 1 1) R — 3 3 4 Mask e, DU 35 5 12 1) 11 At 35 43 A
[F) i) 22 B Mask, T e K2 b (R AF T ) 08 LR B . Ab
HRCR IR 1 B3 .

F 1AL RS A BRCR

Table 1 Optimized mask processing effect

gk AT b B AT
BHe AT By Rt AR
[Mask] g # 3 470 9 3 & 875
[Mask] [ Mask] [ Mask] [ Mask] 47 3k & %

oA

Original text

Text segmentation

Original Mask

Optimize Mask

X T 1 SCAR Y B A R 5 i FF Sk RS B A B A
[CLS][SEPIFRRFF #4743 # - S8 )7 FF XS 4] F #4700 fb Mask
Ab PR A B A AL AR B TR R LA R ) TR R R

KA £ 3 & A HLH (Multi_Head Attention) [7] & 4k iy A
ok, Prid 2k, IO 2 T £K attention 715, WAl 3 /R,

Linear

Concat

( Scaled Dot-Product Attention h

XY, L 1N
) )
( Linear )_JJ[ Linear JJ{ Linear
f f f

0 K v

3 Z ke oL U A

Fig. 3 Schematic diagram of multi-head attention mechanism

Attention 32 B H] 4K B SISk A1) 5 )5 31 o i) 5 3 19
W R = (D s
Attention(Q,K,V):soflmax(E)V QD)
Jd,
Hi,0.K.V BT 1w, d, & SEEELERE, K22
Attention &5 S BF 45 ok 1] LUAS B AN [7) 25 [] 4% 450 4 SC Rk i) o
I B AR B e R S SUE R s (2) M=K (3) R
head; = Attention(QW® , KWK , VW) (2)
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MultiHead(Q.K,V)=Concat(head, »+** shead, )W’ (3)
Horp W SRR AR A [
3.3.2 BILSTM Ef 4t

K WIc 12 M 4% (Long Short-Term Memory, LSTM) , A
LRI b A7 2 R ) 5 PR AR OC R L TR IR SCAR I, T 1A
B RE b 3 A T AL R R A R R T 5 TR A L 49 e A A
HIZALRE 71 . & F I8 S0 BT L B L BIF I 55 SR 38 O K3
A%, T LUfE A LSTM 4 $2 U SOk i MO 6 & . LSTM T4
T H s 4 Frs

hy

A 4
tanh

qQ
-
A

4 BILSTM [ THL ] 5 B &

Fig.4 Schematic diagram of BiLSTM gate mechanism

A5 7T — B 20 (9 BEECIR S R 525 0B 220 104 4588 SC ik 4% )
X, WABST fL M ERE R, (O R .

fi=a(W, o [h—y sz, ] +bp) 4)

A T — B 20 (9 BRAECIRZS Ry 52 T B 220 194 45 85 SC ik 4% )
X, AR 4, PR B BE A 0 T EAE B O AN B Y
IEHPRZSC, 2 (5) — 2(6) s -

=W, s [h1,2,]+0b) (5)

C,=tanh(We¢ » [hy 1 s2, 14+be) (6)

I S0 C 25 A E— B2 AR S €
HT 20 A A RS L =R (D PR

C,=fC+1—f)C, )

AT EHE T RS ERZIWRZERE . AR 57K
BB ZIRE TN (ho s hy s shy 1 b o B H T S 24 /T B
Z) ) B 2R A = (8) () s

0,=c(W, « [h,—1,x,]+b,) (8)

h, =o,tanh(C,) 9)
Horf .o TR PG PRBLW RN BUE S b A B,

LSTM H R B8 2 — Jy o) 2 2 38 SCHER MR 215 0L .
FEHTELEHEMA TS L, TEER LT XEE U4 T
BiLSTM #i% . BILSTM 3t & #§7 f LSTM A5 [ LSTM
A A . BT 1) LSTM 3R B BE il 18 7 19 st k™ i
SR RS (R shoy sk hs ) SR [ LSTM 48R
Rl 7B i A 3 R 1 1 8 B (Reo s B s Bige s
s b IS5 K A )RS ) ) ) A0 S AT DR A B Lho » Bes s
[hLl ’hRZJ’EhLZ Vth]7|:hI.3 ’hRO:l} 7Ep<h0 7h1 7h2 ?h3 } o
3.3.3 CRF BE#i

BiLSTM i th #r & 75 2 2% 8 - T SO iR AR B X el s
SCHYTE SUAE B LA B0 IO M, W “B-PER” (N & FFR) 5
M — & E“TFPER” (AN Z WD), A g8 HAb bR &, CRF Af
3R BRUAR 25 [a] (9 4008 ¢ 2, a1 5 £ 303000 )5 31, 9% b BILSTM
TEMARE,

X FHAFS X=(2) 202 2,) MR ZE F 5] Y =
(V1sye s s 3D A3 HZARTE P 5 94543 R -

S(X.Y)=A,, +3P,, (10
i=0 i=1

iYit1

H, P RRmE i NFEFEBN AR ] MR, A RR)T
PG RRIE A, , | FRIFIIREMN v BBE] v 097534,
ZASE I YN 25 ) IE 00 P 25 00 B KO B0 RN
log(p(Y X)) =5(X,Y)—log DY €Y e ¥V an
Hr Yy RaRFTAWREMRETY ., XAD RS RTshE
LRI A5 2R PPl TP a8 5 Viterbi #6545 2] 5 0l BE 09 45 1
FH1 .
3.4 BARBEBESWEZE

B SR TR I U {3 | e VN B NS G R Pk
SCFE ST O TR S R TR DL R ORI SRERE R

TS SCHE B AR 0 B B i S 3 I SOk A 4% S 1A
FEIEMY , 1 TF-IDF MARE R4l i, TF-IDF 42 4f 3C 3% 19 #%
O] HER TR RS LR KR,

TF-IDF ff TF (Term Frequency, i 55 ) & IDF (Inverse
Document Frequency . 3% [a] SC 445 %) 21 1% . & 76 412 B SC 7 /Y
IR, PEAS TR X TSR AR . TF 248 EAE
— R SCEE PO B A B, SCARIE PR S B R A 1] Y SR A
Btk IDF i/, IDF 38 A X (12) iR .

BRI SCRY Y %k
@ﬁ%ﬁ\iﬂﬁﬁiﬁiﬂz+1)
Hop A EEZ BTN 1,020 T MRk 0 i I

SR AR B 50w A 2 5 OFF SCEE 35 0ROk Ay 44 921K
PURN B2 P SR B Y [ R LR 45 B 2 M 8 A B iR
P i vl ) A 4TS R

4 LWRESHERDN

4.1 BERESWLE

AR T 25 4 A B30 Al 45 A8 Ak SCAS BOHR A0 5 09 A A0S B
T AR o AT I A S TR L 3 S TR S N O TR R AR
AL Sk A (% R AR 1 B g, LR X % 2 SR L, B RE AR K
1 ¥ B i an F L [ B L Al BE T AR IR E LSS S RCA
Tz A

SCAR S H50HRE A R v TR R A BB R A
T IR R 5 A 4000 A% R 18 LA K v [ A0 T O B0HE R Y
1000 A F IS I

SEIy A R4y 4 8524k A4 (PER) L HL45 (LOC) (HLHY
£ (ORG) LA K 4548k SC ik iy 4 S5 4K (PRO) . B BIO(B: Begin,
I:Inside, O: Outside) 5 73 74 F8 4 BG4 28 47 45 12 L 908 STk
fiir 44 SRR R 43 DL A R 2R R 44 18 o 5 28 R 437 8 IE
INTRI AR E . AREE R ENZR 2 g,

£2 OREEX

Table 2 Label meaning

12>

IDF:log(

Label Meaning
B-PER A% FF 3k
I-PER AL
B-LOC i
I-LOC P
B-ORG 4Tk
I-ORG EiE
B-PRO U A 4 KR Sk
I-PRO A SR A 4 SR P A
0O Al

B AL B AR U — AT — 7 A E T LR
— AR BT B 47— 4 O b T U

2o B e AR T AL PR AR S L 35 2 300 JT 4 5 40
PRk g b 2y 294 T3 AR BRI R L 2 3 T AR B R
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1%, R T PRUEEE A &CvE  FE DL bR T8 1 6 R %t 3 07
SR AR B AT N LRERT

Bk BERT_BILSTM_CRF" PhAk, AR SCH 8 8 T 78 [F] —
AR £ T BERT Ml BILSTM % 3 i A5 & 59 250 3R, IF R 0
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4.2 WENHGELEIRFNERSH

S S 7 % 3 WK F1 {H 1E 4 BERT_BILSTM _
CRF" 5 BERT, BiLSTM, BiLSTM _ CRF, BERT _ IDCNN _
CRF,BERT_BiGRU_CRF L) % BERT_BIiLSTM_CRF i %
SERRCR . RTINS G R 2 SR S BT LA SR 3 IR
SLE T F1H A E

SEy 1 He# BERT_BILSTM_CRF* 5 H B 32 7 44 #1 fiy
i 40 SRR AN 25 0 . AR I I K AE B AT R AR BN b 3R AT R
fili

f% 3 A %0, BERT_BILSTM_CRF " # # 75 ffE i 2 . 7
R BT HAAL G P2 2 S AR S S AT S A R
5 AT REJE PR AN . BERT_BILSTM_CRF 7E i 44 52 44 1 51 14
F1 {f I It BILSTM_CRF & 3. 03% , 14 W] BERT 75 b 3 ffy Bt
Xof S B 2 B 5 SRS W AR, A Bl AR v 44 SR U F
{8 ; BERT_BiLSTM_CRF #f it T BERT_IDCNN_CRF LI &
BERT_BiGRU_CRF Wi fi = i A 8, H F1 H 0wl & 7
1.52% 5 0. 9%, Ut B £F 4= SC K His 48 BERT _BiLSTM_CRF
A, X 2 A Sk BERT_BILSTM_CRF fE 4 Jo
R B B E AR SRR AR BERT_BILSTM_CRF ™ £ F1
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3 ARSI A 44 SE A I BOR

Table 3 Named entity recognition effect of different models
BT 2 %0)

Model Precision Recall F1
BILSTM 79.93 80. 41 80. 17
BERT 83.24 83. 89 83.56
BILSTM_CRF 84.70 84.92 84. 81
BERT_IDCNN_CRF 87.52 85.15 86. 32
BERT_BiGRU_CRF 88.16 85.75 86. 94
BERT_BILSTM_CRF 88.35 87.33 87. 84
BERT_BILSTM_CRF* 89.67 87.55 88. 60

SeEy 2 # BERT_BILSTM_CRFE® 5 H B 32 7 B B 75
EIGIE € VR S AT €

55 1 o, BERT_BiLSTM_CRF " #8541 48 F 1%
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Fh, Uil CRF WP SR E TAER B 7 2| L MAIEM, IF—
Z it 7B — 1) BERT £ 8) (H 4531 B Y2, 4k /5 BERT_
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Table 4 Recognition effect of model on proper nouns

CHAz %)

Entity Model Precition Recall F1
BiLSTM 72.64 73.70 73.17
BERT 77.89 80. 56 79.20
BiLSTM_CRF 80.27 85. 44 82.77
PRO BERT_IDCNN_CRF 85.65 83.04 84.32
BERT_BiGRU_CRF 84.07 85.12 84.59
BERT_BiLSTM_CRF 86.12 85.39 85.75
BERT_BiLSTM_CRF* 90. 08 88.35 89. 21
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