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Relation Recognition of Unmarked Complex Sentences Based on Feature Fusion

YANG Jincai' s MA Chen' and XIAO Ming*

1 School of Computer Science,Central China Normal University, Wuhan 430079, China

2 Research Center for Language and Language Education,Central China Normal University, Wuhan 430079, China
Abstract Unlike marked complex sentences,which lack the assistance of relation words,the identification of unmarked complex
sentences is a difficult task in natural language processing. Integrating part of speech features into word vectors, and the word
vector representation containing external features is obtained by training. By combining the BERT model and the BiLSTM model,
the word vector and the part-of-speech vector are combined for training,and the polar feature information captured by BiLSTM
model and the dependency syntax feature information captured by CNN model are added to the feature fusion layer. Experimental
results show that the methods of adding features and combining multiple deep learning models can achieve better results in classi-
fication of Chinese complex sentences. Compared with the benchmark model, the macro F1 value and micro F1 value are im-
proved. The best classification effect achieves 83. 67 % micro F1 value in the top layer classification and 68. 28% micro F1 value

in the second layer classification.

Keywords Unmarked complex sentence, BERT, Feature fusion,Deep learning
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e B A0 434 1B 56 2R 14 3R 500 J 1T . Sun 252 7 28 )
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3) B ) A 43 R 5T 0 2 5 B I R 04 i B ST AR T
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€ RE JEO Rl 3k 0452

F 1 TChRE AR RS S 19 43 A
Distribution of various categories of unmarked complex

Table 1

sentence corpus

Zp% A E +o% A&
& R 4 3528
B 446
R % 5014 A Wi A 320
H 4 538
I A 182
37 4 815
A% 1037 ik % 4 217
& 4% 4 5
3 7 4 3437
N o # R A 1054
AR ks 1422
fuk 36

He B S R TR RHE 1 jieba 23 17 5 K S A E OB GA 19 &2
W) AR BR 2 AR B JCAR ) 205914 k.l kA T 7 EUAR
T 11021 2% JF s HAE N B 46 . 45 & HIT-CDTB H E 4R 1
B RTERL 979 25 155 A A TOAR K AR 12000 %L 452K
AR 1] RS AR T A 193 914 Z 4 T 4R
HR A3, AE S0 R AL AR 1400 4% 5 A 50 TR B ) AUR

4 HEEXR

4.1 HREFGPR

5% TR JE 2 ] B R L CNINL RNNL LSTM L& Hi AR
WTEE F T m A8 T 2 Mz A, i CNN, RNN,
LSTM, BiLSTM #& 8 X5 Jo A & /a) #E 47 I 25 . 7 Bl AL 8 B 1Y
1400 Z5 MR A T0)2 =40 8 PEAh N 3% 2 B3, 1 kit
K s ps,

F 2 H BRI TR B A 4y B ROR
Table 2 Classification results of common models for unmarked

complex sentences

CBLA7 . %)
Az A ME » % E_Ea%k
RNN 55.42 11. 10
) CNN 56. 32 21. 44
% Fl
LSTM 55. 64 20.08
BILSTM 57.61 21.49
RNN 67.57 50. 46
CNN 68.00 50. 46
# F1
LSTM 67.29 0.61
BILSTM 69. 64 50.75

#* 3 W BRI ZRm K

Table 3 Training time of common models

(L e s)
A CNN  RNN LSTM  BIiLSTM
At K 85 90 105 136

L2 S 06 45 W LA & B, FE B SCAR 43 BT M 2 I 4%
BiLSTM HU#5 T s AE R 43 8808 . BERT #EALA] LLAgC3] I &
PAT L BBAE Z AR ]2 AR IOG Z2 RRAE L 3 T 58 42 1T S ik /)
T, W 72— 3, 8 BILSTM 5 BERT # 2
SEA S IT A BT B IR AE 5 A AR Ay AR .

4.2 451EIREX

TR EE 2 2 R RLRE S B B MUIA ) it v B2 BBURRAE , {H — S5t

56 FR 2B B W R AE D T IA AR AR W AR R R AT LA
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SCHR B 25

Stanford CoreNLP J& 87 #H £ (Stanford) NLP 4 Ff & )
NLP T H 324t T H R I8 4 in) L o A Ll M A5 L) 3% 43 BT
VL H WA NLP AT 45 . {fi ] Stanford CoreNLP 3K B i #4:
KRB 8K I A T 1 2 0 4 Xl i A B T R AT g A L AR IUR 0
TRV AT 3] 5 DA 48 FH A% 70 1 Pk BT . 1% ] Stanford NLP T
B 1Y pos_teg J5 i 3K WA M Ji5 4 98 300 5 18] % AT H 5L 19 5]
“TR) -7 7 9 T8 30 8 Word2Vee BEAT Y1 %5 . 15 2] & 4 i)
PE 1Y 1) ) £ ROR .

DI 25 3 B RS 1] 55 48 1 R 100 4 50 4k Y 2R A9 3240k
KR 50,570,100 38 52 5% 56 431, 48 BE 100 I 25 50 K445 3 1Y [n]
R S . B 545 B0 3R 1 e P Al I )
53] 300 2k £ A 1) PE ) 1 58 Y ) RN
4.2.2 MEHFAE

T B U B OC RPN L AR REAE B9 Bl A B TR
WRP . B LA R T I AT JE A ) 2R 3s 0  JERGE A R
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B 5 I 5 28 52 ) ) T A 156 U G Rl R — B R

B SR URAE T Z2 411 R I AR AT L I KA T AR R
2 DL B bosonNlp 1% B ial Mt 4 B A5 I 5 22 B H (9 R ik 5
N4 B B I AR BIME 110065 1) (1 17 ek

25 5 1) R — A A A A — B R A P2 BB
HREECMON M S BRI A, X e N AR ) P E
MR RY A R (E A B T AR IR SR R B
I SO 5 R SR . SR AT RN AR AR A 3 4 BT,

Fe 4 BRI A A AT ) L B b P

Table 4 Emotional tendencies and polarity values of some words

i & R M E

Fii8 FE 0.530243
El1 El 0.992129
#F E® 2.073294
T4 #H —1.388997
I El 2.612342
& {5 # —1.215332
PN FE 1.082743
T i —1.240289

4.2.3 AR 8 iRAFAE

CROEZS U otV =Ry B BuRze 0 o QURTIRIE SV i g
B R 5 Y AT IAAR AR A IR . AR A R s AR AR TT LUK 4317 ) 15
B B 17 T 5L AR R AR L RN IR AR A IR AT DB B AN R L AR
A0 L ) ) G TR TR Sfe DAL TR T ASE R T 4 b R T U 20 R ) Y

HUKR,

WA A4 R R R A R IO R X RS B O R
558 SRR, [R] A b A ] bl 2 ) 0% A% A4 288 e A ) S5 0 L
Bl F R ) 09 H s 3R] L 44 1) G 1R R Bl R A dE]
I3 A R IO AE A vk AR AE BT LA G A AR U R A A
AR EARTEE

il dn %5 Bk, gk E ] StanfordNLP T H 1Y
dependency _ Parse 77 ¥ 3R BU B WO IK ££ 2 R = 0 A M.
[(‘ROOT’,0,2), (‘nsubj’,2,1), (‘punct’, 2,3), (‘adv-
mod”.6,4),(‘aux:modal”,6,5),(‘conj”’,2,6),(‘punct’,2,
],

AP KA INEE 1 BT NIEL 1 a2 B Bk A it ik
F Ay vt ) 4 3 R AN 43, 9T BT LR 3R 1 2 TR AR
F£ G F L BN nsubj” oK 12 44 37 Eif

conj

root advmo

Root #1 /% %3k . A #hXlE .

1 g iAok e R R

Fig.1 Dependency syntax diagram of example sentence
4.3 ETF BILSTM Wil & & R

BILSTM #8175 52 f) =432 b4 /NG F1fH DL R AL 7Y
BARM FL N 5 g, @itk 5 ol LI L 78 BILSTM
R L VR0 AR R AR AR A AE 4% /N3 DL B R R AT AR 1
AT AL AR IR R S A A AL IR AT T AR F1H 5
FLH ER A s R . R B it B R 28 DL R T 26 &
AR BT R AR B AR TR R 2 R T IR FL1OfH
(69.91%) JERAr S F s f F1 {4 37, 65% . B 1K % FI
B EMEREHEEEEN 6L 21% . M FLMEN ERREHE R
70.00% o VRN M RRAE A BB LA T 8 IR 5 26 b R B
FKHOR FLEH 76. 6500, i 658 & B L 38 it S EB R4 A9 5|
N B A 0 00 B T 28 I R Y Ak SR A ) T AR R Y AR
F,

# 5 BILSTM #RITH)Z =402 F1iTAGE

Table 5 Experimental results of BILSTM model in top layer
classification
A 20)
#A HR%  #4r% HHE  £F # F1
BILSTM 67.91 29.07 75.86 57.61 69. 64

BILSTM+ 7 M # 4E 67.85 37.23 76. 65 60. 58 69. 86

BILSTM -+ # 14 % 4E 68.73 33.68 74.96 59.12 69.43

BiLSTM+ 4] 3% & 4E 69.91 37.65 76.07 61.21 70. 00
BiLSTM_CNN+ 37 # +

68.53 37.50 75.32 60. 45 69.57
Ttk - 4 o A ? ’ 7 ?

BILSTM i RI7E 58 — 228 [ & /N2 F1 (A DL R A8 7 4
) FLAE R 6 B3], BadsrirEk 6 th i 84 ol LA R
TNARBEFAE 5 A B AR E FL S5 F1 E LA R
Fh R TR A R AE AR R AR T e 2 F1{E25. 54 %,
LR RUAE LR T T 24 306, IRl B AR I 3 il Re AF f) A5 7R B
3T R FL{H 52.82% , SELMERTRUAR LR T T 20 2%,
TEXT B A e RFATHE— LA 058 R A T, M A
K BN 3 FhAFAE B R BT RO B b . SR A
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FRAE BB R AR LE L 78 2 A/ 2 B RGIR G BE 0 A 4R T e
2 R R R AT R L 0k TR 6 A ) Y R A A R I Ak
AR AIE 19 7 % TT LLAR A 25 A5 Bl A R0 R 0 i B0 4R P o
M BB ZE AL L RS IR AE A R B TR O B 26 52 ) R Y

IF50 o HE A PR BUR R 2 W A B FT (A8 L R 4L
S =R R S W[ = O O ES = By P O S
IS A I R B SO RL T T A2 A U O B i A 2
B AL,

# 6 BILSTM BIAIES - F40 200 F1 IEAG
Table 6 Experimental results of BILSTM model in the second layer classification
R Y0
%9 BILSTM B}LSTM+ BiLSTM+ BiL?TM+ BiLSTMiCN¥+ W+
7 AR RV AR A i RAE M+ B % R AE

EES 54.42 59.54 59. 20 58. 40 61.08

B 5. 88 31.46 27.27 32.73 33.33

¥ Wi 0.00 0.00 0.00 0.00 0.00

Bk 22.02 24.10 0.00 3.45 8.45

E i 0.00 0.00 0. 00 8.70 0.00

A7 8.70 23.93 13.46 8. 89 19.15

ik % 0. 00 0.00 0.00 0.00 0. 00

3 71 66.91 63.12 64.89 63.10 62.81

% 5 51.66 56. 04 60.73 55. 36 62.56

i# 27.03 11.73 25.39 7.92 18.49

# Fl 21.51 24.54 22. 81 21.69 24.17

# F1 50.75 51.10 51.46 50. 89 52.82

4.4 EHTF BERT Hil&4&R

BERT TE1/ 215 5 AL JAT: 55 h #8 B4R T AR 47 19 i 5t , i
TH S 7 i BERT J2& 2 T 9050 B9, 7 v SC8 B, 1) L
FHEMEREEE B LER S, KW, A 30K BERT #
B 5 BILSTM BRI AT SE & Ml G S5 A B ALK 2% 18 2 4) 7 1Y
)RR AR AE I Bl 5] iR A [R]EfF CNIN ) 4% 6f
U R 0 )RR AT AR SR

S E SR SO A Bk 50T 51 5T F A BERT BEAL,

i ik jieba 4317 3 3R IR P , 1 563 i Embedding J2 4 5 e
o i ) L SRS E BILSTM A5 7 , {df F A% 0% M 4 4iE 18
% Embedding JZ2 T {H , 4317 5 1917 )7 5] # i3 Embedding 2
TN A1 L ARG A BILSTM BR DL 32 HURRAE
X F gk RRAE L 4k B9 CNN W 4%, J5 2243 Pool 2. H
Flatten Z AT REIF ., FBEE & Linear 2 ¥4 15 3| 1Y 457 1F 7] &
Y R 4 S5 AR AR LA 2 AT B, e i T 5 R A R
i 2 Brs .

]

[ [
( Linear j ( Linear ] (

Linear )

S
(ot ) (Cmusrw )

B &

(xng ) (nus

i) (Ang ) (eRARKENARE) CNN

L

_ 3

RA R,

C&'?F&ﬁi* ?JJ,J C&'
R of 4 .

N

#PN fRAD # VE # ZINN ,
PU fRAD ##VV. PU

[[0,0.0,3],[1.1.3,1],[2.3,3,2]}

P’ . [3,10,3.4],---]
sra L LA Az § airtete }
oA A2, Rfa.
[# 2 Rl ASNESHEAE R BERT_BILSTM_CNN # # f 25 ¥4
Fig. 2 Structure of BERT_BiLSTM_CNN network with feature fusion
# 7 BERT BB 5l & 8 =40 28 iy iP Al {8
Table 7 Experimental results of Bert and advanced model in top layer classification
CHAT 2 %)

A SRS B £ RS # Fl # F1
BERT 80. 72 48.73 87.36 72.27 81. 64
BERT_BiLSTM 80. 28 55.00 86.75 74.01 81.72
BERT_BiLSTM+ i 1 4 4E 80.93 58. 02 86.86 75.27 82.66
BERT_BiLSTM+ # 1% 4 4F 83.62 57.63 87.29 76.18 83.67
BERT_CNN- 4] 3 # /E 81.62 63.32 87.08 77.34 82.97
BERT_BiLSTM_CNN+ i 1 + # ¥ + 4 3 % 1E 80. 50 57.40 87.72 75. 20 82.34
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JETF BERT 5/ A SM 0 45 AE B8 18 = 40 25 BG4 /M3
B F1{H SRRk iy F1{Han 3k 7 irgl, 1 %6 F BERT
MR [ 4R TC AR & A FE AT I 4, W 5% S0 56 25 R T LU R
BERT H fif 17 550 24 L5 i T BILSTM A &Y, {8 7E [ £ 1 1)1
YR4k b BERT BERUYI SRR BT 4 /AT 5 & 3% 58 M &8
2 IRt . SR fE7E BERT #5580 vh 454 4 Fl BILSTM
AR AL X6 52 4] A 2 AT AR 3K L T DATE 389 20 a2 90 2 B 10 4 Bl
AR T A Y A AR . FE S IR N AN R AE L AL EE A
BERT 5 BILSTM A& {1/ 5 T, B4R B BRI 31 25 1) Fl
B AT i 1 B (EUBE AU (A i %2 F1 O Mf FL (E 39 A 2
F PR Ay i I 0 5 8 A A0 D ) R T ) L RS T R A
WG 32T T 49 6 %, IESE T i if A58 BERT _BILSTM A9
yQia
SRIG I ATAPE etk ATk 3 AN AN ER A, WL R 7 BT
HI 14 S 06 5 AT LA B L il A A SR AR AE R L B A S R AR B T
— 25 I B St L S R M R A 0 R R RS T E AR
Wyt F1AE 83. 62 % LA M e A 1 MR i F1{H 83.67% . W
JNA) L RRAE A R TE G AT 28 A T IR fE W FL {8 63.32%,
B BLE BERT SRR T+ T 29 15% BRI % F1 LR T
WEE 77,34 % 5 3L o BERT BRI T T 29 5%, W asAn
3 FPARAE (A AY AR T 7E IR 26 I e Ay RO R FLH R

87.72% . TAIMEARAE AR R RE7E 5 F BERT (45 A vp 43 3] 28
H R ARG PR AR Y 51 FE T2 = 40 28 L R A Ik Y
F1AH b8R8 i) R AR B 30 425 RO A AR PR E
AR IETE I .

R T BERT S5 A SIS )2 2 b &
NG FLH DL R A 3 R 55 19 % FL. 6 FL (AN & 8 BF
B, MBI R AT LRI TESE )2 40 28 b RIS IR AR
At BERT_BiLSTM 45 %1 45 3 ot i) BERT B2 A0 £ (K SR 47 L H
R /) G BT ] 3 A ) L ) 5 A /NS D A A o A 1
F1AH A7 e ot AR e (B3R ) AR ) L 348 53 /) LA B A A %
W% FLAH BA BT T B, ¥R ISR AE S5 , 480 7 22 i oK 1
PR AT B EBUR T 17 % A4 W FL(E, BARBOER K
AU AR TE LU A B RS R — By B8R
ARK AR T o TR IR R A A5 R AR T AR I 5 g D R
R e AR B F1H L 0 Jin A o 5 AiF A9 455 R AT T 7 #fE KT ) 1Y
ek F1(E 0[5 B s 3 Fh 4 R AE A9 BERT _BILSTM _
CNN B8, 78 9 ZERE LB M 2 A AR T 6 A/ 2E Y A
H F1E DA R S5 A 0 2 LR B R 78 B i A 5 I8 % A
RIS L FLAE 3 SI4RTH T 6 %R 8% . F b AT LA 55 @il A
)M R AR M R A DL AR A7 ) R AT B T A 4 N 45 R
L AR AR .

# 8 BERT BB 5l &HRAES 202 LK F1 P

Table8 Experimental results of BERT and advanced model in the second layer classification

CRRApE %0)
) BERT_BiLSTM+ BERT_BiLSTM+ BERT_CNN-+ BERT_BiLSTM_CNN-+
A BERT - BERTBILSTM 1A R R M R 5
F 24 72.39 72.58 74,53 74,22 74,94 75. 40
By A 52. 89 58.33 57.60 54,17 57. 14 58.33
3 7 4 0.00 0. 00 17.02 17.78 0. 00 9.30
18 % 4 57.38 53.45 61.02 61.11 60. 34 65. 38
1A 58.82 41.18 20. 00 45.16 48.28 55.00
A 52.38 54, 86 54,55 55.91 46. 63 56. 63
ik A 0.00 0.00 0.00 0.00 0.00 0.00
3 7 4 77.08 78.12 79.25 76.59 77.21 77.06
EEAH 75.19 73.77 75.59 74, 24 74. 90 76.63
WA 0.00 0. 00 0.00 0.00 0.00 0. 00
# 4 36. 23 38. 85 35.71 38. 40 34.65 41,01
% Fl 43,85 42.83 43.21 45.23 43.10 46.79
# Fl 66. 36 66. 86 68. 28 67.64 67.78 67.57
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Fig. 3 Evaluation value of each model on the second layer

classification
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