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Abstract Aspect-based sentiment analysis (ABSA) is a popular topic for natural language processing,in which opinion target
extraction and sentiment polarity classification of opinion target are one of the basic subtasks of ABSA. However,few studies di-
rectly extract the opinion targets of specific emotional polarity,especially the negative emotion opinion targets with more potential
value. A new ABSA subtask--negative emotion opinion target extraction (NE-OTE) is proposed,and a BiLSTM-CRF model
based on attention mechanism and character and word mixture embedding ( AB-CE) is proposed. On the basis of bi-directional
long short-term memory (BiLSTM) learning textual semantic information and capturing long distance bi-directional semantic de-
pendency, through the attention mechanism,the model can better pay attention to the key parts in the input sequence and capture
the implied characteristics related to the opinion target and its emotional tendency. Finally, the CRF layer can be used to predict
the optimal tag sequence at the sentence level,so as to extract the negative emotional opinion target. This paper builds three
NE-OTE task datasets based on the mainstream ABSA task baseline datasets and conducts extensive experiments on these data-
sets. Experimental results show that the model proposed in this paper can effectively identify the target of negative emotional o-
pinions,and is significantly better than other baseline models, which verifies the effectiveness of the method proposed in this paper.
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Ban 4248 A P AR R T B PFIR“ The sandwich was deli-
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T, Li %P HR T ¥ BERT ik A 4 ik 5 4 Fb b 2 W
RIRIAHZE A I0AF T 3T BERT (94557 458 #2 35 T 77 1@ 19 1%
TR M

ABSA AT 5543 & J5 T0 28 30 A 0 2% U H A% 1 B (Opinion
Target Extraction, OTE) . & W B #5/77 1 1% B & ¥ 40 28
(Opinion Target Sentiment Classification, OTSC) % £ 4~ F 1T
%o Horp L B B AR EUR B W H A b KR A &
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R S BT R I B A - 28 O E AR 15 B PR 8 e, X PR S
PO A B A & W AE 0 (. T B X ABSA (£ 5 B A EER
=,

LAY ABSA AT 45 7T LATE Bl 43 A7 SCA v B AR 5 T 09 1
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Bl TH AR AN I B L B bR BT B PR A 1 R B AR R A AR
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B 8 A b A R P BN R R I B IR SS RE
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W H #R T M 5 4% & W B 4% (Negative-Emotion Opinion
Target, NE-OT), UL R H A 3730 8 61, 1 P 37 vh 3
“table” fil“sandwich” B 4~ & WL H #5 , H NE-OTE L % s 4 B
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Reviews:

» The hostess was rude and I got a distinct feeling that they did not want to

serve us.

« As BFC doesn’t take eservations you almost always have to wait by the
bar and be abused by the front of house staff until you are seated, which

can be over an hour later!
- bad staff.
« 1 took one look at the chicken and I was appalled.

« I must say | am surprised by the bad reviews of the restaurant earlier in

the year, though.
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3 Attention-based BiLSTM CRF with Word Embed-
ding and Character Embedding(AB-CE)

3.1 BIiLSTM-CRF (W-BiLSTM-CRF)

1E BILSTM-CRF # 8! vpr, 5 563 i Embedding J2 444 th
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Fig. 2 LSTM unit structure-

LSTM ¥ 50 A1 75 it % [ (forget gate) . i A '] Cinput
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T Y AT BR OIS Ay AT 4 48 T B 2 s 2
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YR B RS b, —o, (L (5)) , 3 AN 17T BR B TR 25 T8 7
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o=fi*x+i *¢, 4)
0,=0W 2, +Wyh,, +Wc,.+b,) (5)
h,=o, * tanh(c,) (6)
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KD
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I, Lafferty 2500 5% 4% 4 B AL 3 6 4 75000 2 A~ S A% 510 19
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Hoh Ay RN MR ] MR EREBE Y. RIX
AT F) X= (aysans ey, %R B 4528 07 51 Y =
(yrs s s ) s Fo 1y, R Y HTFA T B B3R 45 . AR SORRE B X
ANFIN AT 43 score (X, Y) 55 F £ A0 B 10 4 2 A, 4
KPR

score(X.Y)= 2P, , +§:A ®
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XoF B 4K R AR 1 25 R, CRE 43 31 30 00 45 1T i 4 45 07 9] % 728
HIAS 43 T B 1 4 R SR A AR 25 )7 3 B AR, g 2 D BT A AT fig
HIH5 48 7 91 A b e 1R D A A B e IO B AR L Q0B 3 R .
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The food was bad <+ the table was a dirty

I§1 3 CRF M T Al BE 0945 25 17 51 42 v e 5 11 459 43 d oo 10 72
Fig. 3 CRF selects the path with the highest score from all

possible tag sequence paths

3.2 BIiLSTM-CRF with Word Embedding and Character Em-
bedding ( WC-BiLSTM-CRF)

B 7 R O AR AR 2 A B B A B A T R
GERAR R . X SEARAE (US4 53 AT 2% R B R S 28D 7R B AT
B4 9 A i) Al B A

T A B Y A RAE AR SOR A S m 1 AT 5
B (Y BT AT T 45 B9 One Hot [81 8 O= (0, .0, -+

,0,) (o;

FoR M AT FESF B One Hot [ ) 3% A Character-BILSTM 2
2% 3] ) o R 5 ?ﬁi’%ﬁll Z o W4 Charac-
ter-BiLSTM JZ #iy tH BL3a] A9 5T J5 7 18] 72 495 2 4 BF 34 0 24 i
BAA] B A5 BRI 1) & ¢, H Hp, Character-BiILSTM J2 A9 4% 4
WmE 4 i,

Character embedding .
Tl I
ch ;rz H : Z? E : hes E
Character-BiLSTM layer ! E ! 1
Zl hea : ;M E ZJ
"'T' 0 "_T_()_; "'T' o "'T'GI

o HHEE

Character F o
Word Food
4  Character-BILSTM JZ 3515 % id] () 7 45 HE1iE
Fig. 4 Character-BiLSTM layer obtains the character characteristics

of the word
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¢ B F 1 ) 2R Y 2] ) B xR, S R AR SR B () R OR 2% A
Word-BiLSTM J2 , Word-BiLSTM J2 i i1 19 | F 3¢ & AF 5 [
B L B T B (9 A SRR AR 1R SRR AE
3.3 Attention-based BILSTM-CRF(AB)

NE-OTE £ 5 & W H 45 %% 514 55 #5 #E 19 BILSTM-CRF
A0 T I AN I R (9 48 7 B SCAS 1 A AT AR 5, 0 R R
AT F) R UL B AR 0 BN AE B, O TR X A AR
F A2 7E BILSTM-CRF 366 B3 mE 2 it B2, K
WL L AR BY A BB ) & NE-OTE AL % P i B 25 8,
B AL B T 78 200 AR B H 1 IR AT ) AH G i B B R AT 2
VF) 8 7 BB 2Rl D R TR g e X DL D RO R 1) . At
tention-based BILSTM-CRF £ B g 45 ¥ 4n 181 5 f 7= .

Output @] O B 5

@] B

CREF layer — —) 000~ Z—
T T 1 1

Soft Attention |
layer

U P sy Pl iy
Word-BiLSTM | ! ) b ! [
layer : '}-11 ‘1_%_ ‘;12 4%—— I 4_%_ 7‘4 — — h,,,_ﬁ'—*-; i
Word embedding . . . . . .
Words The bad food . e dirty table

K5 Attention-based BiILSTM-CRF 15 % 25
Fig.5 Attention-based BiLSTM-CRF model structure
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Fig. 6 Soft Attention layer structure
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3.4 Attention-based BiLSTM-CRF with Word Embedding and

Character Embedding( AB-CE)
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CE BRI Z5F an 8] 7 Fom

Output o @] B %) 0 B
CRF layer —) — —4 000~ —
Soft Attention T T T T . T T
layer | Soft Attention |
WordBILSTM | iy I > By s > — i
layer ‘ 1 ! } ' ; ; 1 ; : 1

; h,«—t—hzq—t- h3¢—t-h4¢— 4—Lh 1"—“h

h 'v—’h 'v—’h -v—’h -v—> —Wzm,th

1
lem ;

Character-BiLSTM ;

layer R 1 ' 1 ‘ I
’ : ha‘;_“hlz*_"h 4—“11 — ‘—“hf,,, n*“hm.
Tt 1 T T
Words The bad food ) dirty table

K7 AB-CE #iRIZ5Hy
Fig. 7 AB-CE model structure
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) A NER A3 1 R
WIGH BB 0 T RR A R F & . b T B R
A AN XA A5 4 ] R AT 30 45 A P 500 4 5 1 R RE AR
S 1) R, H UL A AR TE T AL BB 1 5 O 20 A B AL
e BEHLIE A BEAL S  BEDLIN BR . S236 45 SRR BEALIE) X
T R A A R B SRR e W, BRI SR A S I S B R 1
Fi 1,

®1 LBRSHINE

Table 1  List of experimental parameters
L3 5 W BAE
optimizer *hAt B Adam
Word_LSTM_ Word_LSTM £ LSTM # 71, 200
hidden_size BHERTHE B

Character _LSTM_ Character_LSTM & LSTM

hidden_size BTBEERETHE 100
attention_type Attention # 0 & i+ 4 77 % B B
word_embedding_dim ERCRGETE 4 300
batch_size — K G B ik BUHY B R HK 8
learning_rate EES 0.005
aug_type HAE R R ERGEE-E:3
exchange_target [l 3 A e 2t & R4t E R
exchange_{requency 6] U 4 0 & Top2 % ¥ # UL

#y 7] X 37

BAMTE T 3 N8 PEdE . Hob 1dres 3R B SemEval2014,
15res & H SemEval 2015, 16res 3 H SemEval 2016, %454
GiteE Rk 2 pra .,
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Table 2 Statistical results of datasets P+R

B aTHE @if&(g " NEOTHE A4 ﬁﬁﬁﬁff o R
EE o o T B FRATZ E KI5 NE-OTE £ 55, K TE X R il
lres  miwg 324 52 58 BARBEIWHRIMBOTEES P ARLE RMEEA HES
tores L o ot o M NE-OTE {45 /& K [l 9, 3% 86 OTE 4% & F 4 {4k i
Lores  NEE 864 147 164 A SCE R W T NE-OTE (457, B X 2 1 EE R 5
— 25 a 4l UL AR RO B L R 4% OTE #8188 R 5 NE-OTE
4.2 ETHEE BAGER ., Wik R A Ci&kit My NE-OTE i1y 3k

2% 3R T T 3 45 4 AR 48 3R R0 R AT Bh 48 ) 45 45
RS BT LR R AL S8R A AR SCE AR
TS HOR B — L e W 5 4 45 SR UM (NER) 3 I
H AR COTE) 38 3CH 9 28 56 . an £ £ 25 328 4% | 201 ) o 24
4 HA S HOUAR 3 2 7 NE-OTE 4F % 1509 55 5 F1 76 3T 18
SR B R R BCE W K P )KL Word-LSTM 2 LSTM
25T B 2 B T8 BB | Character- LSTM J2 LSTM 5T B i
JEEOCHURE S . RS EE ARSI SRS BRI R S8 S
B BUE KU 3k 1 R A,

4.3 EMHIER

FATVE 7 S0 AR AT 55 5 PN 8 B B RS % (Pre-
cisionsP) . A [M & (Recall, R) il F1(Fl-score, F1) {8 3 ¥ 4«
SCEEEL ORI (12) — N AD PR

p— LBV NEOT (9%

R, AT ST LB AT .

(1) W-RNN/W-BiRNN: £ F 5.5 ) W-RNN/W-Bi-RNN, L
AT AL ZDT BRFGY TR

(2)W-LSTM/W-BILSTM: #&F ¥ i) it A 9 LSTM/BiL-
STM 5 W-RNN/W-BiRNN B4 [ 8% A 40 Liv 07
W s .

(3)W-BILSTM-CRF: Huang 205 48 1 L ¥ 3k A i
Al BILSTM-CRF #1358 iU 5 bR AR 55

(4) C-BiRNN/C-BiLSTM/C-BiLSTM-CRF ; % F 7 £ %
AR BIRNN/BILSTM/BILSTM #£# , DL =i A A .

(5) WC-BiRNN/WC-BiLSTM/WC-BIiLSTM-CRF: % T
HAR N F AT IR A A RS BIRNN/BILSTM/BILSTM ###1, LU
i 5 RE A NN
4.5 ZHHER

2y S

FA

A NEOT s 00 a e e A o B
EHREIE NEOT ¥k RIFIH T 11 PR LA A 5 A S0 AB-CE KA1 ) 52 5 45
R=""NEoT ik 100% D) A EREE R T 4 A
£ 3 X MRS
Table 3 Results of control experiments
. 14res : 15res : 16res :
P R F1 P R F1 P R F1
W-RNN 63.63 36. 20 46.15 57.14 19.04 28.57 66. 66 14.63 24.0
W-BiRNN 86.11 53. 44 65.95 75.0 42.85 54.54 71.42 36.58 48. 38
W-LSTM 70.96 37.93 49.43 85.71 28.57 42.85 44,44 19.51 27.11
W-BILSTM 67.85 65.51 66. 66 76.92 47.61 58.82 71.42 48.78 57.97
W-BiLSTM-CRF 69.09 65.51 67.25 62.5 71.42 66. 66 61.36 65. 85 63.52
C-BiRNN 55.17 27.58 36.78 43.47 17.24 24.69 42.85 14.63 24.69
C-BiLSTM 65.95 53.44 59.04 60. 86 66. 66 63.63 70.96 53.65 61.11
C-BiLSTM-CRF 66. 66 55.17 60. 37 61.90 61.90 61.90 60. 46 63.41 61.90
WC-BiRNN 85.0 58.62 69. 38 72.22 61.90 66. 66 72.0 43.90 54.54
WC-BILSTM 77.08 63.79 69. 81 64.0 76.19 69. 56 75.0 58.53 65.75
WC-BILSTM-CRF 82.2 63.79 71.84 66. 66 76.19 71.11 70.27 63.41 66. 66
AB-CE 81.25 67.24 73.58 69. 56 76.19 72.72 72.22 63.41 67.53

B GARITMEIKE N THIRAMESENE
BRAT 55 2K, B T B3 e A IR B T2 T A A Ry BB,
PUBRL R A R i A B DL A I A A B R g, H
AR W-RNN W RCR AN BAR 2 T A 7 ik P i 25 1, B 1
W] K, AR LR B C-RNNL B % AB-CE 19 F1 {32 &
T AN R,

FOWR 76 B T Ll A R RS RL A LA 3SR, K
KRBT T BRI Ay PR, For, A8 Lb 3 T B Rl A A
W-BiRNN, W-BiLSTM, W-BILSTM-CRF #& #1, 3 T #.47 &5
FR A A B WC-BIRNN, WC-BILSTM, WC-BILSTM-
CRF A5 8 i) f 0 5 R A 0] S8 445 2] K i 42 7 T IR 28 B L
B Ak 1 6 S50 1) L 3] 1 ASE AR 00 25 R 1) O e R AR T, 56

TE T 3802 45 11 A KT A5 AR 5 e 2 ARG RE T 1 0

SRIG A AR AT BRI b S SO T b H £ T 2
B BEFRAE SRR ST, A T SO W-
RNN, W-LSTM A 50 , 3F 4 ) I F 38 g W-BiRNN, W-
BiLSTM #7 f) E 5 % [nl 3R Al F1 (A 34153 8 R iR 42 7, X
RUIRATZ A 53 BT 2 ER Y .

G 45 A FRE SR BUZ 2 BUW L SCRAE M CRF 21T LU
EE R PERE . W& 3 Br3, W-BiLSTM-CRF, C-BiLSTM-
CRF #il WC-BiLSTM-CRF #% # 43 5l #£ W-BiILSTM, C-BiL-
STM, WC-BILSTM # R (9 Fefift L34 hn T CRF )2, F1 {5y
BT,

A L H A B £ AR A, AB-CE #5378 7 45 A #4451 3 A



T OB AT HEEAYLENR BILSTM-CRF (176 % 15 45 2 00 B A5 4l i

229

TR FERI . AB-CE BifI7E W-BILSTM-CRF 4 # f) JL il
FIN T A ACRUE B O R R R R A E R LA
AP T KIEEF, Hh AB-CE (% F1 {4 It W-BiILSTM-CRF
BAT SWEA MEFHREAT 100 LT,
4.6 HEESH

AP H T AR R AR W-BILSTM-CRF B9 JE 5l | 1 i

FRRAMEZ T RBEA R, k4 5, £486—
1124 W-BILSTM-CRF #£4 , & 7€ BT A DL 3 46) i A Ry i A
B p e RE A . 4B TR M WIAT R T 7 W-BILSTM-
CRF By FEAl E 43 5035 7 77 4 A LT 2 7182 ) WC-BIL-
STM-CRF #HIH AB BRI LI 45 R, e — AT R T K
SCHEH Y AB-CE BRIy 520 45 51

F 4 HEEEER
Table 4 Results of ablation experiments
W l4res 15res 16res
P R F1 P R F1 P R F1

W-BiLSTM-CRF 69.09 65.51 67.25 62.5 71.42 66. 66 61.36 65. 85 63.52
WC-BiLSTM-CRF 82.2 63.79 71.84 66. 66 76.19 71.11 70.27 63.41 66. 66
AB 74.07 68.96 71.42 62.96 80.95 70.83 69. 44 60.97 64.93
AB-CE 81.25 67.24 73.58 69. 56 76.19 72.72 72.22 63.41 67.53

R 4 5B —47 M 47 %), M Ik W-BILSTM-CRF #
BT R 5 AR A i A B WC-BILSTM-CRF ## 2 14 £
REf3 3 TRk, IR, AnER 3 TE , 7E FE T o 0 i AR
T LA T 3 A A BE 08 3 i 4R AT (Y A el R T
TG T 25 L ARAT 55 AN AR £ T8 SCAR Y R SRR UL
R A I S A0 AL (9 ot P A2 A Re I 98 BT X 5
FRAT 22 X G A 0 4T R — B

WM A — 4T HE =AT T 5, 48 1k W-BILSTM-CRF #
#1, AB #i#I7E W-BILSTM-CRF LR F 3 m 7 & S5
2RSSR A W-BILSTM 24 iy 1T Sc R 4F fld
AT 5 eh i A 78 2 22 0] ) 52 e A R ok TR 1A R Y R S
FRAE %A R TR X 4 3 0L H AR 015 i, 53R AT 2Z 00
A3 AT — B0 1 = S E A W3 AR T TR Y o 1
M FLH, Hp ABBIRITE 3 AN BUR4E LI = B4R T T
1.98%.0. 46%. 8. 08% . H F1 {2 Bl 7+ T 4. 17%.,
4.17%.1.31%.

BRIE ACRIT -2 HM ABSA FH S —
WSS W HARMB(NE-OTE) , 5 B 09 20 0 72 £ 17 i
T P BT L B bR . e AR SO T — AT
i 22 ) 25 A5 AL AB-CE , 1745 R FH v 2 00 HIL ) e B 4 b 4 4K
AT B 0 O b R L A [ A G 1Y B A R AR XX
T NE-OTE 4% %5 3k Ui, 1 43 5 2, [5] iof 7 SCAE JE F il itk A9
SRR DRI T FARR A L B R TR TR A T I A 2 1 R 4R
PEIR SCA i et Rz A e . SEER S5 SR R . AB-CE 7
AT BR A - #R IS T AR R

R TAEH ,NE-OTE T 45 7T LA R 4% 5 ABSA 4
SCARE A BTAT 55 1 P A Rk A RE . NE-OTE 1T 45 A 545
A A7 HE AR BE— 2L RIS . A0 ] 52 B X B TH AR 25 B
WH BRI, AT Bh 2%l ] Seq2Seq 249, AR 4R bR 3C
SCA R AE TE A T vty A BT A T 25 T 0 B A s A AL 19 B 4
B AR B 5T, W] L2 3R T AR T BN 2R R R AR Y
iRl ) R DA T AR AR T Y BRI R R R R T8 B AR Y
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