BR K, 724,400 ,% E T BERT W ER U F A & AR &R

CHABTHR

1

ETFBERTHIBRKFERMAILMIDANEE"

BRULARTPT T A2 AP AR KT R AT, &

(LA KRR TR E i A A2 5, A 310015:2. F MR FH A ATHEFR,THF N 213164)

T2 B0 A RS A o7 i S AR TR B DG R TR 8 T L, AR S 7 0L ] 4 B I 42 X 2% % 42 S5 1R BE AL 3 (Bidirec-
tional Long Short-Term Memory with Conditional Random Field, BILSTM-CRF) #5555 5] A X ] 4 i #3
27K (Bidirectional Encoder Representation from Transformers, BERT) MBI ZE A& 23k B2 P B T
—Fh I iy 4 AR BERT-BiLSTM-self-Attention-CRF , 3 iz X i [ 4k 2 & (1) SCAS 3047 5 45 9 500 4 1
BENET 1R SCF B RS s, Y 0R T R AE R SO 2 R A R B ERRAE YRR ) . SRR A R R WY TR H AT A AL

P b A SRR T HAB e GBS, HE F1 (B 94,57
KB Ay 40 TN s TR 52 ) s fa B Al o il s IO ZRBe 2 5 A 3 =TT LA

B4 %S . TP183 T EAFRIRAD : A
DOI:10. 13656/j. cnki. gxkx. 20230308. 005

X EHS :1005-9164(2023)01-0043-09

AR 2E ] AN TN R Tz —,2Z A
S [ {47 S 5 =X S & T B B 0 1R 3R O R4
B ffi 5 i 2R G0 Al 0 v A M SR IROAY N LTS B IR AT Al
WIF S IF LU AR AT fif U 5 26 R B RE ) . A AR D
TE 2012 4F $2 1 R 3% (Knowledge Graph, KG),
X —Z5 R A N AR g T 2 AR R Tl 7
R Ko

W& BE R Y R TR TR 3 T KRR JE,
ME TG T REFIEREZES EHEIAHE
REGPEH L F 00 B A 45 S AR TR 12 4 e 5 T I
JE 25 ) i 44 SEAREUINAT: 55 5% 40 R 3 8 bR AT 55

M 5 S AR B 26 (0 000 . AR H iR A B
o2 i ) iy 44 SR B R SCRIESE T A B A 2
FRAR 25 K B = L B R 5 1 B T FE R A o
RORIFA BAE, SR 09 OIS BE AN . A 03X — 1)
RO, AR SO T R I A A0 AL I 4% 3% SR A BB BL
(Bidirectional Long Short-Term Memory with Con-
ditional Random Field, BILSTM-CRF) # %", 5 s
I 25 59 XL 0] Gt i % % 78 (Bidirectional Encoder
Representation from Transformers, BERT)"™ #i 7
RIS I A 27 it 400 358 1) SCAS S 4 001 G B, 745 38 kT
B SCE B A ) A 25 T R T LR 4 e AR A

YA B H.2023-01-01 4 B B #.2023-01-07

*xHILEEEFRITXNTE Ao hFLHERERERTAK T £7(2020C03091) % B .

(% —fxHN]

BEAWARCI978 =) B . # . £ ENFE A LH & K %I 2 # % . E-mail: chenguanlin@zucc. edu. cn,

[x x@EEHEH]
L5l A A X1

WAL, A4, B0k % & F BERT 89 R (b ¥ & & & SLARA B AT 7 % # 4 ,2023,30(1) :43-51.
CHEN G L,CHENG Z,ZOU L,et al. Named Entity Recognition Model of Hazardous Chemicals Based on BERT []J]. Guangxi Sciences,2023,

30(1):43-51.



AR ,2023 £,30 %, 5% 1 #§ Guangxi Sciences, 2023, Vol.30 No. 1

290 SCAS B 4 Jay R R AR A A BE 3 5 DUIBI A2 2 FE K Ak
7 i R B A R A

1 #HxIME

i 45 SEA R IAT 55 19 H 892 B BRSO Rl
WA G e SO ORI SR S F AR F AL —
TUHEAAT 55 O T AT S 4R BE R 55 . B Wi, A 44 S
RS R EZEA LT 4 . O F RN HI7ik.
T RN T SR RO  1H 2 e SO T AR
PR D 76 A0 D) F 2 it S AR ) S B B v R
MRS, i LaSIE- 11 NetOwl'™ &5, {H 2 £ %t ¢
TSP R 0] B TR 0 S ] AR S8 B B T, X
U 22 55 30 LA R RS B R RN AR ) A el L O HL
XU R G T IE R B HoAh A s, @ F I 2=
WM. ZIT AN T EF T Lbric B, 80 18 Oy ik
AR RS R SO AR I SR 2 A b R L
SRS QR THHIE R G LR S k. &
AR T AR R e L 1 FH B A 2] T A 44 SE AR B
1 55 1 4 ] 22 43 R 805 5 H bR 0 AT 55« TR 5 2 M S
A e e BURFAE AT AR U L O FH AL &% 27 20 53k X R AE
HEAT NS T A5 3] 5 AR A . 5 UL 1Y) i 44 SEAR U
BERIAT TR ] AR R i AL AR
(Conditional Random Field, CRF)"" 4 @ % T %
FE 2 2 WY 7k ik R BT B 7 i

5T RRAE 195 2] J5 vk HU B TR B A7 2] SRR T
FI 3l & SRS JCRP AR  OF HBCR W 4F . 1997 4F 4
B S8 39 i 12 W 4% (Long Short- Term Memory,
LSTM) A AT D) 36 5 35t i mi SCHh JE 15 8 48
T i 44 S AU RS B, Ol i e LSTM A 1
M 2 i A B {8 I R — B 220 L T TS vk
T SC AR A A5 R] 5, Strubell 250 2 4 Rl 1 35 AR )
#% (Iterated Dilated Convolutional Neural Network,
IDCNN) HI CRF 2245454 ; Young 25 4 X0 ) K 45
W18 14 ™ 2% (Bidirectional Long Short-Term Memo-
ry,BILSTM) I CRF ZE#J 454 ; Devlin 20 42 1 T
K Hl Transformer 4 f5Fl [ 7 & S WL 9 BERT £
AU 38 35 6 R A T B E AT I 25 L 45 B R AR BE T R Y
PR 1 ik 5 U5 46 78 BILSTM-CRF 42 44 11 3%

fifi I, 454 BERT #EA, gk — B 48 T 7 52 4R 1 51 Y
KB

TR BE 2 > B Y S U i 44 TR AR I 22 G
BT A By Al Tk A A s
5 E H ETIF B A G K Ak o AT A 44 5
PN () FH SCAIF 5T 5 i B Ak 2% i SR A A TF 19 .
RIS () b 2 9 B0 B o B A I Ak 2 Y S AR
U T V5 A7 78 3 — SO X A5 7] R, 40 A5 I b 2 i 4 35
WEIE AR Z ik s = MR EFERR, B2
B A B SR R AE — AN A v T LS AR B A
USSR A S, 58 4 SR A — 2L
PRl 7 0 A S R T L. fE R b e R
% Z2 B b i 50H0 T N TR T Y ROAS AR 5 L 7 A B
Rt B ) ARG 7, O HL 75 2%l N B3 % Bl A v, 52
PRAR T MEBE A, R I AR SR G A I 1 27 i 1) i 44 51
AR B A B, 7E BILSTM-CRF By 6l B, 420 T
BERT-BiLSTM-self-Attention-CRF %,

2 BERT-BIiLSTM-self-Attention-CRF #& &Y

A SCHE B B R JE T BILSTM-CRF, ¥ BiL-
STM (4 i At Word2Vec T Il 25 ) 1] & %5 ¥ %
BERT il 5 inl ) 2t , DAL 3R B 808 5 o 3 8 11 0]
), [ I AE BILSTM 25 W% b H 3 & I HLH 2.
AT B8 2 Uk Ml 425 0 7 A ] 1 18 SUAR L

TG ) AR Y A AT A BERT il 5
RUARBURL G T it A L or Bt A RO B ik A 1 G
) d s R Rl L AR BILSTM M
Rl I BILSTM Af D1 AR A 2% 5 3 i 2 A
25 BB A5 B I 0 R — B 20 4 3 1 7 7000 5 7
W BE BILSTM W 4% 47 48 2] (1) 42 Jsy FRAE . BD ¢ 1 210 19
(SR N I (kTR RS (BN = RE= WA RN )= 31
i HERRAIE ) A 1 AH B S IR G R L AR FE BILSTM 2 4
1] B R AR A s B . X BILSTM 2 iyt 1 bR 25
TN AR i, P AT CRE 2 45 H AR 2 22 18] 5% i) I
LAY LA, 40 7E T-SUBJECT J5 1 A £ $% B-SUB-
JECT %, DU 4 i 70300 A 25 19 5 B  fif 452 700
AT B AR T A, BRI EE R AN E 1 R,



BR K, 724,400 ,% E T BERT W ER U F A & AR &R

Forecast results B-condition

E-condition

B-RISK

CREF layer

Attention layer

BiLSTM layer

1 1
: Transformer Transformer Transformer :
1 1
1 1

BERT layer 1 1
1 1
1 1
1
1 | Transformer Transformer Transformer :
1 1

Vector

representation

Input characters

K1 BERT-BILSTM-self-Attention-CRF #5 % 2% 14

Fig. 1
2.1 EF BERT HFHEERT
T H AR 5 A BT 55 b, i R ] i AR B A
Google 2 H1 ) Word2Vec™" H1 7 3H & K 27 42 1
Glove™, Word2Vec il 1 8l A _F T 3045 21 3 (9 6 Bk
inl [ 45 5 Glove 1) F 2t L 4H [ L [ i =% 18 3 =) #8175 &
MEAGE L, F8 7 WEmENEEL, HiE
Word2Vec Fl Glove 7£ H.ia] £ AK §i 3 5t 38 LI A J&:
R4, i BERT #4522 44 W] i il Vaswani %
$Eth i 2 )2 Transformer 2544 , H 5 R 9 5 5t J2
T 4% 55 09 18 2 #4245 (Recurrent Neural Net-

Model structure of BERT-BILSTM-self-Attention-CRF

work , RNN) Fl1 % FH i 28 ¥ 2% (Convolutional Neural
Network, CNN) i it A 7 & ) ML L AT 20w A7
P14 B 3 B e A 1 1, A 0 A R T AR 1 ) A
BERT Y% A 5] 5 ik A2 H A4 0] B 0 B A
AL B i A A2 R, BR8] 2 s,

BERT Pl Il kB AU AE AT B T 0 3 H 530 i 5 22
E 3 AN Query 1] Key [0] & #l Value [0 &,
X3 A Ja) d S K ) i 5 IR E 3 S A R
W, W, MW, fHFEGRATEDZENTEEAX A
RINF



I ARE,2023 4,30 &, 5 1 # Guangxi Sciences,2023,Vol.30 No. 1

T

Attention(Q.K ,V) = SO[tmax(L) VvV, O

Jd i
XH.Q K .\V 74l N Query Key, Value [1] i 21 7 i)
REFE s d R AR B Query B A4ERE R LL Jd
AT DA S04 s B8 T 2R 19 ) AL, R I i R v (S A AR
PR E NI, [ BSiE i softmax PR ECK 70 %000 —
A A i 1 19 5 ) AT LA S Ao 2] B A ()
FRORH LK ZR MU 2 5 i AR,

characrers | (€8] (] (3] [2] (4] el (] (7] e

Tok
embgdg?ngs Ml EHFI ” Elk'fl ” EI’\LI ” ElMﬂl ||E|s|a|’|” EH?I ” qu ||E|snp||

+ + + + + + + + +
et (] () [ () B B G ]
osion 02 (2 (2] [ (e (] [ [2] [
¥l 2 BERT #8504 A 5] ] &
Fig. 2 BERT model input word vector

2.2 BIiLSTM Z

B i AP SIS BE 3G AL 59 RNN 23 H 3
b JRE R A OB BE T4 J B T JE Y. LSTM 7 RNN
Rl b AT It AT AT A A T
3T T AR b A T TR BBE T 2R R BE 43 K 1Y
() L, bR T A A A I SRR BE . LSTM H o0 45 44 4n
Kl 3 Fis .

A
ol Forget gate =C,
A
Input gate
Lo | [o] [ ] [o]
B, J

O,
Kl 3 LSTM Hot4hty
Fig.3 LSTM unit structure
LSTM B J0 25 0 B 388 52071 4 AT R i 1] 9
BARALT

f,:(f(Wfl:h,flal‘,]_be)’ (2)
i, =cW,[h,.1sx,]1+b,), (3)
OrZG(WUI:hr*I ’x1]+bu)7 (4)

itl:'j’ ft\it\ot %%U%%ﬁgrj\%/\r—]*ﬂﬁmr—];
W, W, W, 55 RR XN ALE s b, .6, b, 57
R X N ) ) R o BN sigmoid NG R

x, R, WG g A FAFm s b, RN
L, I 20 BER 2R

C, Fmt, B 2109 40 MRS B A F .

C,=f,0C,.;+i,®© tanh W_.[h, 1,2, ]1+b),

(5

X, © "R WG IBIB TR tanh Sy XU 1E U0 380E o %L
W b 3 5] 3 75 BRI RS A A4S A 4R 1 i 5 1) o

e 2 RS Y B A I

h,=0,® tanh (C,), (6)

T A 40 TR PUINE 55 v 2T 1 S A bR 25 2 [m]
ZH BTN E R, T LSTM /Y45 14 55 7%
Him A LSTM HAEH ESCAR i I 245 5. Kk A
SCR A BILSTM A 8L AL (9 LSTM., [A] i 22~
SCAHY BF SCAF L IF 0 s e R AT DR DA A
SR RS- ATNDE S5 o I S R A ]
LSTM i AR B AN 58 8 (0 B i, 0 52 95 25 5 30 Jn
HER
2.3 LEFENNHE

TEAir 44 SEARUE 55 v FAF AR B TEIR KRR |
2B BT SCHRE S AR] Y 52 MR, DA TS BOM [F] Y A AN
[ i 5 T AR 2 FTREAS [H] . il T #0124 8 BERT
BT S SCAS N G A B 0 48R DAL Ot G ik
BERT 75 21| (1 3] 2 A AN BEAR 4F b 3% 35 fa I £k 27 i X
W A5 B AR 1 S, FE AR B SO CfE BV, Bill-
STM 2% 5175 5y 4R B 1 F SCHY Jay i i AR R (H )2
TG B b, 3 3K i A\ SCA R 9 1) 4 R i E R
WAL UL . BILSTM [ 2% A REAR 4 3t ik 4] - A A4
AT 2 I ) ) A R AR SORE 2 Sk
FE R ALE JZ AR S BILSTM A58 e it — /> B Jn A8 e,
DL 3 9 2 B A 47 408 42 Sy £ B RVm) AR DG HE R BE T
i 12 A5 7Y B T L i 07 P T A S 2 it JRURS: £ S

1E2 3k ATEE NHLHZE T, Query 6] & | Key [7]
it Fl Value [1] 38 53 51 88 FAS [8] 1) [ 28 56 B R AT 2 IR
M7 PEBL G, SRR A B n IR Sk P AT A
TR e . XFE AR IR AT SRR W] LUK BB A Y SC
E N I L e P e N N S g T e Sl R S D R 1
HE R W ATk BT EIR GO, OF
AT — A2k WS A5 3] A 28 1 i i o 2R 1) o B 3K
mE .

head; = Attention (QW® , KW, VW), P)

Multihead (Q. K,V) = Concat Chead;, ***,
head,) W°, (8

Ao, WEWE W W 3R 48 e i 38 A A



BR K, 724,400 ,% E T BERT W ER U F A & AR &R

Hil¥ head, K/n 2k AEE BRI WE Ak,
Concat F7n PFEz ] 4R AE .
2.4 CRF =

BiLSTM JZ M £ 3k A & Ll )= B4R ] Py
> bR SCIH] Y JR SRR 4 SR R AR AR B O HR X Y
KRR AH R AN B2 T & DR B M OC &R,
B 0 SRR AT I R A7 AE R S B AR 2 I
J A L AN ) b 2 4 R 95 TC Y [R) 8, A 1-SUB-
JECT J5 i # B-SUBJECT %, A T 7t 432 2 H14B
T 285 ] 8 M G R 5 AR SCHE A A 1 85 J5 >R T CRE X
223k B R HLEZ i r AR AR AR B AT A, DT
(CEI &N IR ]I

TELRNVEBE SR FEL R AE R FE 253 PR
B, =R LFEW R o B IR RRE PR, X S
TEPRAL 5 |95 A s o) — R E XAy
R SO RS RR AR PR B X AR AR PR 5 Y Y AR
ME—THAX. XTHEMRATI X =2,
ZTysrrrsa, s TG BT AR T Y = v ays st s v,

P28 7 9 A o3 sR AT KOoR AN E

score (X ,y) = 2;.&’“” (Y sy sx 1)+

Zl_’[,u,s,(yi,x s1) s €D
Ao, o RORJRTRAFAE R EL s 5, KR T FURFIE BRI AL
Appeg SN ¢ s, ROAUEE BR800 & oL 0 AR SR B A2 4y
Ik o ERCFIAR 25 R E B AR S B

X245 28 By B A ¥ 8 X, AT A5 B BT AT W] RE AR A
FE A0 8 53 8 H— A A X

exp (score(X ,y) )
E%eYX exp (score (X ,;))

2, score (X,§) 2 T 5 § B 7 43 bR L A5
55 Yy RN FTA A RE IR T A

FIHI4E s e (Viterbi) 3803 45 31 1 fe £F 11 0 A 45
FFHIE

y~ =argmax (score(X,y)), an

3 BRSS9

3.1 HIEERREER

H TR A2 i SCAR R 2 A% SORTR] , oA S
PACSE R Al 27 i H 5% (2015 RO )™ Fig 19 2 828 Fif
FE R T2 it Ry X 52, E BUGE 2 5 J Tk it %t B 1) 2
o 4 R UL B B (Material Safety Data Sheets,
MSDS) , 28 i B 3 v fnwi Ak 21 i S8 B R B R A
BTG B I Do sk B ) 7 SR B 1Y i 6 Ak 2

Py | X)= , (10

ity UECFREE AR A TG BB 30 1) T P AT
T, G SC A B Al 27 il U Y SR 5, BRIk 1
B .

F1 BRAEFHIEZEER

Table 1 Entity categories in the field of hazardous chemicals

F AR5 EPIET B0 N
Entity category Category description Example
SUBJECT Risk information initiator =~ Powder
CONTIDION ~ Occurrence conditions of gy oo oeraiure

risk information
RISK Risk information Explode
RESULT Risk product or risk Toxic gas

result

7S i B8R R B BIEO (Begin, Inside, End.
Outside) b5 FE 5 W , % 18 51 2R 0 5045 2L 25 4 7k
A AT IE B I SR B T BN AT 43 1 R 28 A T
B AR 8 A rh 2 5 SRR E R . OS2Ik
] 3¢ 3R B VERRIR I LA, 58 R = S PR SR, 3 3 5
PRI BT 2P R SR S e KU ™ = gy ko 2
FETSLR XX 4 Fp SR BEATHES AL A OE i = oo Al
W TE W = T A 1 25 B i S 1A S A U0 i AT 6 &R
L b e g AT SRV B AT SE AR HE S 4L A0
X FEREAZ 8 20 I FH 1R A A5 L 5 T) A BT K S5 A4 A 56
FIHREAE T8 B = 0 41 B B, 2 % S M ik A7 HE 4 A
B o AH G T G R il UM S — o g e e, 52
RPREE e LN 2 it Hoh B 3878 r T 5L 4R 1)
FEUR IR o T R bi T SR B35 43 E R AR 1 52
R ZEFR Ay, O FR AR TRAE

YEDDA"™ b — Fl i Bt 4% L kL 4 1T Y SCAR
95 P A i U L DA ) FH P b v B B 5 T4
OIMT A SRS B AR AR T — N RE I TR
5T YEDDA &1+ £ 6 4 BF 5% 1 %l By S48 45 1 7
BB N TAREE I IR 9 0 1 Y He ke %) 43 Al
SRAEFTINAAE . H TR B D 1 A
5 A v ) 6 R0 S A AR B Y 3R OB 1O 1B R LY A
B AR B B L 20 %05 HLvk L A B B0 421
S AR L A R VI 25045 31 G B X R A T A0 1 )
PEATHRTE s FEK 8 Gt A T8 25 00 0 X B A B 8 A 7
Je ) P B 5 i o X B A B A B
BT ONTIT AR AT e 28R 4 . AR TR AR I 4 iR L f
6 b2 o ST R B HIE 4 P A R BRI IR 350 A, A& Ak
PRA& SR 7 033 A, U B3 28 524k 4 156 4>, 7 4 5
SRR 1 674 A, B B 50 4 o I 2 A RN



I ARE,2023 4,30 &, 5 1 # Guangxi Sciences,2023,Vol.30 No. 1

AR IR &4 3 216 45 1, 4R & 47 360 4%

G
F2 BRAEZHTHEMFEEINE X
Table 2  Entity category definitions in the field of hazardous
chemicals
s AR b4 X
No. Entity label Meaning of label
1 B-SUBJECT First character of subject
9 -SUBJECT ici)?efci:st and last character of
3 E-SUBJECT Last character of subject
4 B-CONDITION First character of condition
5 CONDITION i?,r(liiftiir;: and last character of
6 E-CONDITION Last character of condition
7 B-RISK First character of risk
3 -RISK Non first and last character of
risk
9 E-RISK Last character of risk
10 B-RESULT First character of result
1 LRESULT rNC:EIfirst and last character of
12 E-RESULT Last character of result
13 O Non entity character
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®3 BEXEEIAMNERILE(%)

Table 3 Comparison of model entity category identification results (%)

52 ) i i % FLE £l
Entity category Model Accuracy Recall
SUBJECT IDCNN-CRF 69. 23 75.00 72.00
BiLSTM-CRF 50. 00 50. 00 50. 00
BERT-CRF 60. 00 50. 00 54.55
BERT-BILSTM-CRF 75.00 50. 00 60. 00
BERT-BiLSTM-self-Attention-CRF 75.00 50.00 60. 00
CONDITION IDCNN-CRF 89.94 88. 82 89. 38
BiLSTM-CRF 86. 87 92.47 89.58
BERT-CRF 91.62 94.09 92. 84
BERT-BILSTM-CRF 91.15 94.09 92.59
BERT-BiLSTM-self-Attention-CRF 92.67 95.16 93.90
RISK IDCNN-CRF 92. 86 90. 70 91.76
BiLSTM-CRF 95. 41 96. 30 95.85
BERT-CRF 96. 26 95.37 95. 81
BERT-BiLSTM-CRF 96. 26 95.37 95. 81
BERT-BiLSTM-self-Attention-CRF 95.41 96. 30 95.85
RESULT IDCNN-CRF 68. 42 86. 67 76. 47
BiLSTM-CRF 91.67 91.67 91.67
BERT-CRF 95.92 97.92 96.91
BERT-BILSTM-CRF 97.96 100. 00 98. 97
BERT-BiLSTM-self-Attention-CRF 97.92 97.92 97.92
All IDCNN-CRF 88. 36 88. 69 88.52
BiLSTM-CRF 89.47 92.82 91.11
BERT-CRF 93.18 94.25 93.71
BERT-BiLSTM-CRF 93. 47 94.54 94. 00
BERT-BiLSTM-self-Attention-CRF 94.03 95.11 94,57

Note:results of this article are displayed in bold font

B 5 T R AR

Fig.5 Node information of formaldehyde solution
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self-Attention-CRF % %I g % 1R 47 Hu 155 1 B 1k 2F
i SR RS B R R 94. 03 %, A I E Ry 95. 11 %, F1
B0 94.57% W RIF 5 77 oK . FEAR KM F R . A1)
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Named Entity Recognition Model of Hazardous Chemicals Based
on BERT

CHEN Guanlin'*** ,CHENG Zhao"*,ZOU ling”, YANG Wujian',LI Tian'

(1. School of Computer and Computing Science,s Hangzhou City University, Hangzhou, Zhejiang, 310015, China; 2. School of Com-
puter Science and Artificial Intelligence,Changzhou University,Changzhou,Jiangsu,213164,China)

Abstract: Aiming at the problems of hazardous chemicals entity recognition and relationship recognition,
based on the Bidirectional Long Short-Term Memory with Conditional Random Field (BiLSTM-CRF) model,
the pre-training named entity model BERT-BiLLSTM-self-Attention-CRF is proposed by introducing the Bidi-
rectional Encoder Representation from Transformers (BERT) model in combination with the multi-head self
-attention mechanism. By encoding the text of hazardous chemicals at the character level,the character vector
based on context information is obtained,which enhances the ability of the model to mine the global and local
features of the text. The experimental results show that the proposed model is superior to other traditional
models on the self-built data set.and its F1 value is 94.57%.

Key words: named entity recognition; deep learning; hazardous chemicals; pre-training model; self-attention
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