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Hb 5 i 44 AR BUINAE 55 19 H FR g 25 5E 18 38 S5
SCAS R 5 B OG  SEAA T EATIH 2R F)
T SO AR R B TR S R R
TN A B B W 58 A 1 B RS, o BERT ( bi-
directional encoder representations from transformers )
B g R AR —  TEZ B A R E BT 5
IHAS T SOTA (state of the art) PR . K itk , 75 b
Jit i 44 SR PUINAT 55 1, BT BERT #5820 ) 74 2 =%
AIPE R HET R F 7k, R X Tk E &
T8 1 7 iy 44 SLAGRUIE 55 B IRAS TR RS R RICR B
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253 7 Y 1 Dropout B ML SR AR (1 15 0 55 4fis
PR AR o il P o8 AR — 5
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RO R T3k B T Ge TH AL 2 T 1Y O 1 A0 TR
ST IR o e T R A O vk A
RS A SCAS HEAT 43 A7 ke A 28 R DU A A, A I AR )
FLMERIZ AL S0 H A 400, S F ST pLas 2= I W
T3 N FHAEXT T2, W0 HMM ( hidden Markov model )
ALY ME ( maximum entropy ) #5512 1 CRF £
WU AE R R TR T AT A A% I R AE TR Xt
FRAE 2 IR o i EOR B, AHLL TAET ST Hlan
IR B TR 22 2 W 7 B AT LA A 3l A SCA
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rectional long short-term memory) F1 CRF A9 Hb J51 557 [
i 44 SR T3 vk | 2% 05 15 RE 08 DA b SR ) £ 4R
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T — e £ TR A 4 SR U AR B BERT-BIG-
RU-CRF, Jf HA a1 /R - T AR i 44 S AT
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Figure 1 MBCR model structure
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MacBERT fii AR E = {e ,e,, e} H 3 MHKA
FEAEARAN M, W 2 s o Hodr, 3 AN A HRAE 43
BNFF SR A B A AL E R AL S [ CLS AR iR
FESNIHF UG, 455 [ SEP 1 bR iU F 5 B 45 R, 17 = E
%3 Z2 4~ XJA] Transformer 4 i 75 ZR1GFRAE 1] & A =
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Figure 2 MacBERT input representation
2.2 BiGRU L TX %% ZE
b5 A 44 S AR I — A S AR TEAT: 5%, T
AT BRSO TR CIE R AT DA ST E A R 0 b B
SEAR, T GRU JE ik 3k HCH 45 719 T 3CfF B
wm XA AR B a R A BR T RCRT,
A7 GRU HEEAREL R (AT — 5« 967 B9 RAAE
TIERBUS — A5 A7 BRI, Ktk >k ] BiGRU
YE MBI T S0 A% )2 . ¥ MacBERT J2 i i 19
] i i A F BiGRU J2 i, AR 2 B F 30fF B
BiGRU W Hi I1] GRU M J5 1l GRU 14 L, # b T
LSTM,GRU H 4 % &[] FIU S8 1], 45 14 TE K
TE/INFEAS M BT B4 46 T iz AR ROR B4 . GRU it
AKX R
rr=0(W_,a, + W,h,_, +b,); (1)
z,=0(W_a, + W, h,_, +b.); (2)

h,=tanh(W._a, +W_(r,Oh_ ) +b);  (3)

h,=(1-2z)0h,, +z0h,, (4)
K. o, TR 2SI 1 Bz, 58 35 ¢ B )
T TRE R R R A, SRR B2

5 26 B R S R BRI S ; W b 23031 3R R A SR
M Fll B 0] 1 ; o 3R 7~ Sigmoid PRAL; © 7/~ Had-
amard FEFH
2.3 CRF#ZEMBEERE

BiGRU JZ R4 fd I T 30l A5 B, (B Z 1% T iy
JoT SR AR 25 (] 4 A OC R . PRI, R A AR 190 T
JH CRF J2, % 27 #b J5t 2R AH AR AR 28 Rl B 29 K E R
PRAE T A5 28 7 5] 0 5 B

XL SCA TS X = a0, ,x,, 0,0, ), HARSE
FEOLY = 1y, ,y,, Ly, | W85H

S(X,¥)= 23 T,  + D 0,,: (5)

Rl 7 BRI 5, SRR ., 1R
0, R A FAFBMIIREE ¥, 19504

3 Softmax B BCAHHR A 918 4 S(X.¥) it
FHA— BRI Y B9 BE% 4015

S(X,Y)

. O
S(X,Y
Zes(,)

¥

P(Y! X)= (6)

Foh . Y R R AR ST
5, 4T Viterbi B2 315 ME R B K 19 b
BEEA

Y" =argmax P(Y | X), (7)
TERALYI ZRid B2 b, CRF #51k K
Lege == log P(Y | X) (8)
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ASCH|I A R-Drop R854 35 38 1 fe /N XL
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W 1 BT SCA P 51 X 43 50 % A B Dropout SR A
)2 SR R HARZ T A Y 1Y 2 DR
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PR I, 52 700 8 1) 45 2% Oy
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& AL 9) THEAR 2 KL 8UESE L,

© R /ME(10) AR Lok TE R R 2 8
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@ EHEQO~©@, HANBAWK

3 T
3.1 HiEE

TR AR AL B A R FNZ A BE T, AR SCHE b
5 4R i 44 SR UM B S NERdata ' FiLiE F 45358
i 24 LR BG4 Boson il AT T 5258

NERdata & H 55 gL 55 3 T 4 {7 X 480 5% 94 A5
WA BE S 1 5 6 JSSEK A A (Rock) b
a1 ( Geological structure ) B (Mineral ) b 5 ( Lo-
cation) 5T B} [7] ( Geological time) }b)Z (Stratum) .

Boson J& 1 Boson H1 3Ci# SCIF V- & A1 1 5L
PEdE, & 6 ZSIK. N4 (Person) . 7= &l ( Prod-
uct) BF[E] ( Time ) . HLH ( Organization ) . # 44 ( Loca-
tion) .2\ Al ( Company) ,

¥ NERdata 1 Boson £ 4 H %) SCAS D) A7) 5 3
18145, 4y 34580 T 10 796 F1 9 875 4B, 14 &
6 :2 2% LU AP 25 > a2 &) o U R AR TR 4R |
X %, NERdata %48 5 SR G it a0k 1 o,
Boson £l 5 LR G 1Tk 2 PR,

% 1 NERdata $#E &£ LF 5 it
Table 1 Entity statistics of NERdata dataset

P S p— El S S
I ERS I IE4E RS
A 6 003 1 985 1 860
i 5T i 841 273 246
LY 2 925 1 004 1 059
Hh A5 1458 486 412
i 5 ] 1148 388 334
Hh 2 1 861 573 585

& 2 Boson #IE&E LMK FEIT
Table 2 Entity statistics of Boson dataset

S 56 R Ay 44 SE AR BT 55 PR R B9 BIO AR
WG, Ik 3 s,
£ 3 BIO tRiERA

Table 3 BIO annotation examples

AR 5 s T 45 51
H/0 & /B-Mineral ¥/I-Mineral £/
HL g P ) AR
" [-Mineral #1/0 /0 #/0 fF/0
#/B-Rock J&/I-Rock & /1-Rock,/0
WA A RIREE A B /B-Rock B2/I-Rock #h/1-Rock &/

I-Rock

3.2 FHrisER
SR AR P B R A F1AHAE AR
AUVERE B PR F8 A , BT RE A

TP
P=———; (11)
TP + FP
TP
R=——; (12)
TP + FN
2 X P xR
F1=——— (13)
P+ R

K, TP RN HIEGI M ECE; FPRRRIEF K
Bk, FN Ko fl i o . 4 B ALY SR
3SR 28 TR OE B U, AT A O i S R B OE i
P
3.3 XKRRBRIEE

A SCKH Python 3. 8.0 1 PyTorch 1. 12.0 fE K
SEUY 3R B ffi ] Chinese-MacBERT-base R 4%
MacBERT,,H\: £ 12 A A JA] Transformer 9 % 4%
BERL (1 1 S50 . MacBERT B2 45 0 768 ; BiIGRU
R 2 4E N 256 2% 3 RN lOfS;Batch size N 32;
Dropout EFEMEIu I E AR Dp M 30% .
3.4 AEEBIEREXTLE

9 7 $e ik MBCR A (19 801 , 4 SCTE NERda-
ta Fl Boson 3 #E 4 F &R 4 X4 I T BiLSTM-CRF™ |
BERT-BiLSTM-CRF'”  BERT-BiGRU-CRF'"®'  MacBERT-
BiLSTM-CRF"* 1 MBCR iX 5 Ff A [d] 1) iy 45 52 fA& i1
MR AR FLAIAE NERdata 11 Boson 20¥E £ F 1Y
XFHEE Rk 4 R .

R4 TREBEREILL

s SRR Table 4 Performance comparison of different models %

TP Ko il 4 Wi 4 o NERdata Boson
A% 2 838 1 000 942 * P R Fl P R F1
7 b 2216 803 760 BiLSTM-CRF %" 66.04 71.31 68.57 67.08 63.63 65.31
it [ 2 500 833 801 BERT-BiLSTM-CRF""""  68.29 72.95 70.55 80.01 80.38 80.20
Bl 1581 538 532 BERT-BiGRU-CRF''®!  68.66 73.04 70.78 80.28 81.18 80.72
Hh 44 2754 926 801 MacBERT-BIiLSTM-CRF'**) 68.97 73.40 71.11 80.82 82.37 81.59

N 1412 450 451

MBCR 71.31 75.18 73.19 82.49 83.21 82.85
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S 25 R W, MBCR 5 784 4 i A oAb % e
BRI . MBCR 7E NERdata (4 4 F #0855 R 4 [l
ZHF1LH 459 71.31% . 75. 18% F1 73.19% , 1F
Boson £ g 4 I O RS 1 2 IR F1H 505k
82.49% 83.21% 7 82.85% , H#k BERT ,MacBERT
YN AR S 40 K, S OB R IR 2 2% i v, B
AT DL AR B R B A 1) i R UG R 8
R AR AR, A LT BERT, MacBERT J
T HUI R AU AT 55 22 D) A 22 B R TR ok
G SCAE B R RE 1, DU i 455 R BE 05 BT O
R SR A AR B . T BIiGRU W 4544
RS fa, S HCE > e NREAR B S Bz b
BOR T LF R-Drop AN T X n) KL HE 45 2% | %

BT 45 1B M, 5 MacBERT-BIiLSTM-CRF #
It ,MBCR 7£ NERdata Fl Boson %4l % Y F1 &
SruldR T T 2.08 HAr AR 126 HAr R, BHA R
EL YR Y
3.5 HRhIE

fE BiGRU Ry SEAl L1750 5 , %k T MBCR
A 21 S 4 X R 1 R B9 5 i, #E NERdata 1
Boson ¥4 I AYHAL LI 5 Rk 5 Frn, BIA
CRF 4R BUbR 25 [8] (1 MO OC 3 | A Bl T 42 T4 0
fit, KA MacBERT 1] DAz o 8 o it 3h A A ) i,
AT A A5 750 i 08 A 501 0 o SR B, i A R-
Drop J& , BB S R 4 MR A P14 B 42
F,5E T R-Drop BYA UM,

RS HEIWHER
Table 5 Ablation experiment results %
" NERdata Boson
HEL R
P R F1 P R Fl
BiGRU 67.58 67.55 67.56 66. 65 62.70 64. 62
BiGRU+CRF 67. 61 72.02 69. 75 68. 29 64. 59 66. 39
BiGRU+CRF+MacBERT 69. 10 73. 80 71.37 81.33 82. 60 81.96
BiGRU+CRF+MacBERT+R-Drop 71.31 75.18 73.19 82. 49 83.21 82.85
3.6 Dropout BN RT o WEBMEENZIN
SIS KRR T Dropout ST MBCR # 7 P 8 (14 &% Table 7 Effect of @ on model performance
W, 7£ NERdata F1 Boson B(¥E4E [ LI 45 Ak 6 NERdata Boson
BT 7R o Dropout 7 Vil 45 i B AL 7 55— 2 L 49119 brw e Rl PR R PR
1 70.61 73.60 72.08 81.68 82.81 82.24
Wi 25 70 3 PUAT e =X 2 %7+ MBCR 19{Z
iﬁ: IE;EEMTK fﬁ%bk,ﬁﬁiﬂjmﬂ Eﬁ{zﬂf 3 70.71 74.04 72.34 82.17 83.11 82.64
i1, fHiZ ,MBCR iy F1 fEAZBE% Dropout % 57 5  71.31 75.18 73.19 82.49 83.21  82.85
MITr B D, msg o S, 2 DK 7 70.84 74.62 72.68 81.96 82.88  82.42
50%HF ,MBCR 7E NERdata 1 Boson ${#E £ [ 1Y F1 9  70.79 74.29 72.50 81.58 82.65 82.11
AT D, Ky 30% 1 F1{H,
% 6 Dropout X} 12 B {4 A% B 8 1 4 ZEig

Table 6 Effect of Dropout on model performance %

D NERdata Boson
" P R F1 P R F1
0 67.97 71.04 69.47 79.05 79.94  79.49
10 70.40 74.76 72.51 82.39 83.16 82.77
30 71.31 75.18 73.19 82.49 83.21  82.85
50  71.01 72.53 71.76 77.71 75.37  76.52
3.7 aWI®m

AR LHIRE T R-Drop BIALEH o % MBCR &
U B8 B9 52 0, £ NERdata Fl Boson (45 4 I+ A0 5
WARMET iR, a KAASFEEARE TEMN A
GRENE, MR, o KKSMERR T FH
BOFFTER MG XK, 2 « 4 5 I, MBCR 1E
NERdata 1 Boson ¥4 % b () g i

B ML 5 iy 44 S AU ), AR SCHRE T — Fp
FF MacBERT 1 R-Drop B Hi 5 iy 45 2 74 5 531 52 75
MBCR. 7t NERdata ${#% % F Boson #4411 52
B 25 JLR W MBCR AR PE BE I 0 A T H A AR AL

F T H AT TF I bR T 08 1 5 A 44 S5 AR U 5K
W BRI I HAFTE bR A S8 — SR AT i
ZEM IR X R EOT T S B0 AE R (DA 4R A A
TAf . PRI, o ok (R Bk 9 T AR 45 TR % T 1 Oy 1 F 2
— 7 T A Y B K E — 2B 4R TR Y 2 fh e
715 75— I, 58 3% Hb O A 44 S5 UR TR R B
b T SRR T
SE k.
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Geological Named Entity Recognition Based on MacBERT and R-Drop

LIU Xin', XU Hongzhen'?, LIU Aihua®, DENG Dejun'

(1. School of Information Engineering, East China University of Technology, Nanchang 330013, China; 2. School of Software, East
China University of Technology, Nanchang 330013, China)

Abstract; The commonly used deep learning methods based on BERT pre-trained model in geological named entity
recognition were character-based approaches, and could not utilize word-level information. Additionally, the drop-
out mechanism in neural networks might cause inconsistency between the training and inference stage. To address
this issue, a geological named entity recognition model MBCR based on MacBERT and R-Drop was proposed. First-
ly, MacBERT was used to learn text feature representations, which could fully utilize character and word informa-
tion. Then, BiGRU was employed to encode context features, effectively extracting complete semantic information.
Subsequently, CRF was adopted to capture dependencies between labels and generate the optimal label sequence.
Moreover, R-Drop was introduced during the training process to further enhance the model’s generalization capabili-
ties. Compared with BiILSTM-CRF, BERT-BiLSTM-CRF, and other models, the proposed MBCR model improved
the F1-score on the NERdata dataset by 2. 08 -4. 62 percentage points and on the Boson dataset by 1.26-17. 54
percentage points.

Keywords: named entity recognition; geology; MacBERT; BiGRU; R-Drop
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Object Detection and Recognition Algorithm Based on YOLOvVS5 and the Fusion of

Attention and Multistage Features

WANG Yu, BI Yu, SHI Jiantong, XIAO Hongbing, SUN Mei

(School of Computer and Artificial Intelligence, Beijing Technology and Business University, Beijing 100048, China)

Abstract; To tackle the problem of low accuracy of detection and recognition for object in complex scenes, YOLOvS
object detection and recognition algorithm based on attention and multistage feature fusion( AMFF) was proposed in
this study. The main ideas included adding the proposed dual space directions pyramid split attention ( DSD-PSA)
mechanism to the backbone network of the traditional YOLOv5s model to enhance the learning of the feature map
space and channel information, adopting multistage feature fusion( MFF) structure in the bottleneck network to fuse
the features of different branches, increasing richness of the feature and improving the ability to cope with complex
scenes. In addition, C3Ghost module and depthwise separable convolution were used to replace C3 module and
common convolution to reduce the number of parameters and the complexity of network. Compared with the tradi-
tional YOLOvSs algorithm, the mean average accuracy of the proposed algorithm in the VOC2007+2012 data set
reached 85% , and the mean average accuracy of the smart retail cabinet commodity identification data set reached
97.2% , which verified the effectiveness and feasibility of the proposed algorithm.

Keywords: deep learning; YOLOvS5s; object detection; multistage feature fusion; attention mechanism



