A4 4R ISSN 1000-9825, CODEN RUXUEW E-mail: jos@iscas.ac.cn
Journal of Software,2021,32(9):2783-2800 [doi: 10.13328/j.cnki.jos.005992] http://www.jos.org.cn
O R Bt AT 58 BT RB BT A5 Tel: +86-10-62562563

*

ETZBEHFEMEIENNERSETZE
18 F 7, AL

(BB TRY: [FRIMY Bk, = BW  650500)
TWHAEF: 2= P8, E-mail: hrbrichard@126.com

B OE AT BOAITE ST R e AR A 4935 e inAe B TR A BE - B ARRD b A A 4G 19 AL AR A A
BN TL RN BRAAA LR ANFEHREOE, RO BN RERLTHERIALRETEERRZET L
F 2@ @45 4EAn 2 E 498 LSTM 1 B~ 77 i (MFSA-BILSTM), iZ AR A 3 B B AT A 4 IUA 6935 2 4miR
Folf B F R AT AL T R R R A AEE 18 G R 2 & H & 5 K2 iR X 3 4 42 & MFSA-BILSTM =T VA 7.4
FE4R 8 F F 09 5 B B AR A AL M 1A 2 09 % A | L MR B T3 04 4 B8 3L 5 91, £ MFSA-BILSTM #27! ¢
Hah b A ah A BRI A AL 442 1 T MFSA-BILSTM-D AZA! 4 A2 sk | 4545 8 S A% 04 B A 44 8) F KA A13 5|
A IAS R T G AT 5 MNERKKEERATT FRIIE 2 R A £ K % HH LT ,MFSA-BILSTM #= MFSA-
BiLSTM-D X FANER! fE o KA AL F Hp e b ay SR £ 77 k.

KIEBIR: RS A S EEAE; A ER N REF T %A LSTM

hEESES: TP391

e s AR 25 DR DT R IR IR T 2 0 G R AR R R R (0 IR A 2 U T R 2 41,2021,32(9):2783-2800. htp://
www.jos.org.cn/1000-9825/5992.htm

HE| %L Li W, Qi F, Yu ZT. Sentiment classification method based on multi-channel features and self-attention. Ruan
Jian Xue Bao/Journal of Software, 2021,32(9):2783-2800 (in Chinese). http://www.jos.org.cn/1000-9825/5992.htm

Sentiment Classification Method Based on Multi-channel Features and Self-attention

LI Wei-Jiang, QI Fang, YU Zheng-Tao

(Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650500, China)

Abstract: The purpose of this study is for the problem that the existing language knowledge and emotion resources are not fully utilized
in the emotion analysis tasks, as well as the problems in the sequence model: the model will decode the input text sequence into a specific
length vector, if the length of the vector is set too short, the information of input text will be lost. A bidirectional LSTM sentiment
classification method is proposed based on multi-channel features and self-attention (MFSA-BiLSTM). This method models the existing
linguistic knowledge and sentiment resources in sentiment analysis tasks to form different feature channels, and uses self-attention
mechanism to focus on sentiment information. MFSA-BiLSTM model can fully explore the relationship between sentiment target words
and sentiment polar words in a sentence, and does not rely on a manually compiled sentiment lexicon. In addition, this study proposes the
MFSA- BILSTM-D model based on the MFSA-BiLSTM model for document-level text classification tasks. The model first obtains all
sentence expressions of the document through training, and then gets the entire document representation. Finally, experimental
verifications are conducted on five sentiment classification datasets. The results show that MFSA-BiLSTM and MFSA-BiLSTM-D are
superior to other state-of-the-art text classification methods in terms of classification accuracy in most cases.
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B 5 TR P 2 ) B AR I R, 35 A 2 X 4 1) 7 10 AR R, B2 M R AR TE F A BR(NLP) Ak .
FE G LA 5 2 5 VEAR LG R B2 5% ST /A% R A b 3R AT 58 D 0 75, AN 75 22 At 3 15 ] L VR 82 2 S e 8 11 3
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T H P4 4 22 30 3 R AE AT VR R I ML (self-attention). B 2%, 25 SCR AR I A BT AT 4% TR I (1935 ARG
SRR IEAT R K N SCAS ) T P )R] 1) R R R RR A 1) R A7 ERR AR ) R AR AR SRR AE 1) R = H AT S SR
JRAN IR (O REAIE ST () B A BILSTM N, LA 2 AN [R] 1) £ FE 22 2% 20 ) 1 R I IR AE A5 B 12 3R A0 7 P R
[ 7 T 1) B A R AR 5 3K 3 MR AR SE I 1) 5 3 D BILSTM (% 17 kAT 45 &, TR A B 7 iAok
R B B B, R X T R R AT I S OGNk AN SR 09 E R R R R I — R R R
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TEAZ B T8 A Ik TG [ RININ 45 ), B 68 7 A3 At B 2 1 R RV 82 A ) R G A0 LS TML IS 2% 18 1 3] 3 51) 22 ]
(0L A4 8 9 2R, T LA A2 3 B8 85 ) 050, ths mT DA 30 B 30 (0 M. T 5 NS — ok Az g s A T 5 I
T 0 K 1) 4o 28 I 4 55 78 Tree-LSTM.Qian 25 NP H 735 35 MUK ) LSTM A58 (LR-Bi-LSTM), H: v 45 Jek i
Y 7 S Vi A G AR R A A S U R S AT IR R Zhang 28 AU Y il T AL PP 2 ST RO Ak 1)
2 RPN 28 D 285 1R A5 JEK 23 T, b 36 TR 0 00 F000 5« T R0 D00 9% 0000 g AR VT 2% 20 I 280X 3 AN SRS 40 4 . L
P St T 7R e AR O R ) 48 A ) R N A AN A 10 1 D ] L (R 1 RN R 3 D).

55 CHRI9,1 714 ) B4 2 A SO HE ) MES A-BALSTM 455 5[] A5 2% o 135 Jak ] V1, 75 o ¥ R 5 8 ) 25848 o5 S iRk
AT T EEBL A (1 2 MFSA-BILSTM #5581 %o 3 46 8 35 A0 PR HEAT AR B AR [R] (R RRAE L 38, ik BiLSTM MR [R] ()
F T 22 o) ) 1 TP IR AE A R 3T HLAS T SR I N T Sk 2 37 B 3 1 DU A 2 VR o 3 — AN A 1) A7 IR (R
52 ] RV T U] O AR AN T SRR AT AR 5 AU T L R ) B 0 6 1 A R 7 1),

1.2 ATFHEBRSERNEEND

FI A, 7 = DAL 28 A — ik 8 T A L AR IO 57t &5 SR 10 A 28007 10 3 T T LA e P A T SRR
AT R A, E R AT N S 7 LA, 4 BSOS /) B4 SRS 0 It A I F AL

Bahdanau 25 N\ POVE NSRRI IEAT 25 LAE A T3R8 I HLEI A 28 — AN K EE R DML FH 1) T NLP 43K Ma 25
U T ol B T e bR 25 0 3 R LA AR AR 3 70 A bR SO 7 A B sl 2% 30 34 7 ). Wang. 25 A2
T TR RO LSTM H T 1 ) 1 TR 175 U8 23 28 45 SCR[23] v 41 L 110 25 T PR 88 R 1 7 T 155 J 4 SRR O B
JEAELHR A 11 3 2 7ML I 7 145 8. Liang 25 AP — B 6 T 22 30 08 0 3 ) 46 R o 4 I 23 A 700 1 5
FI b 17 843 Mt Guan 25 AWM P (163 55 00 ML o) L2 W] i o P Ak b 2 > A AN 3l o ) 1 175 S 1) RO AL 925
B A% 27 3] 318 i A7 T 03 20 R 1 1) 7. Zhou 25 ANPOHE ) —FhIE T 8 1 (0 LSTM 4% Rl Vaswani 25 A P74
H I [ R R 22 Sk R BRI SR e B 3 I U JAT 4 Lin S NS B R s pLA A )
LSTM [ 4% i) 1 I ik N AE A5 BB 24T 45 EHUAG T 3 ir i 45 SR Wang 25 NP2 —Fh3E T RNN 4546 5>
AL FH T VR WU R A g B R Lin S5 AU T — R B A v LIRS B2 R LSTM SCA
SRR B % BILSTM B2 i Hi 1A% B HEAT AN 5] 1) S Mt 0SS PR AT 3 7 B 88 1 838 DA SC A
T (¥ 57 7 ) .

53CERTTHRAH LSTM 1 —Z1 4 R B tR A S 2400 1 20 80 N 10 B A& AT 6 55 7 I AN )
[ 4, MFSA-BILSTM A5/ F (17 2 B 36 M i A\ 1 38 I NI 8 322 2 LA, T A0 1) 53] 2 1) F I8 8, T
TR R, 5 X — ) T IR R 45 .

2 ETFZBEHFMEMBEEENHXE LSTM #EE (MFSA-BILSTM)

A SR R AR S AR A A 1 TR T R DA AN SO R R g B T B AN RE B (X X, X ) B
e 0 e YN e PR ] v B — AN 2 R A B i wy, L <SE<Sn R A R A R IR AR ) R P A B A
AN T B 1R i) B, 275 A s W= Do, . w4 S o BN BT A A i B W A4 BILSTM 9%
N T 2 ] (7] 2 g it 23 59 45 300 A A A0 1 07 (17 A0 A7 40955 i) e AT 445 T RS [ F 8 38 (L5 2.1
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Fig.l1 Architecture of the MFSA-BILSTM
Kl 1 MFSA-BiLSTM {1k R 454

W 1 P78, BILSTM $210 T 3 AN IERF AL G A FORFAE 5 8, 20 0 00 J2 U1 — A48 21 Vi, PR 1 3 0 AL
TSR 27 2 — AN IR S X0 ISR Vo BEAT IIASL, A AN [R1 3R T 17 AN [ (4 175 S, AT B AT 175 e 73 98 R AR B

VB LR N5 s A 24, MFSA-BILSTM 503200 F Fioi.
Algorithm 1. MFSA-BIiLSTM %.¥Z.

Input: A Fil 5 S04 2 (D)~2 2R 3) #5115 WO bk i i Tag™s A7 E A ) B Pos! RIHKAEf 7% 1) i Par®

SIS UBCL LR 1PN
Output: & [1] p*, Jr k K AE 55
for iteration t do

Lo ARG SCA RS2 3K (6), ) 2 B R AE 751 o 3R BT 1] )5 ) bR SCREAE

2 AR E AR (T)~A K (9)THE BILSTM FRJZ i 4 28 7T 1 SR FH iy N R332 71 5 22,159 B U2 T Vs
30 A SCARAD~A K (13RI AREAEE (117 71 E I B EHBE Was

4: AHECAR(14), 0 A8 E BILSTM ¥R 24 H Vo JEAT A B INASUIS 1R S JDRFAIE 1l 5224 Oe
50 B 3 AN R R R I B EAT kA 15 B San, TR R softmax ek HOR HLHEAT 43 25

6: S AEE ST R EA R (17). Adadelta 77725k 5 5T A0 S 40

end

2.1 ZIBEHHE

A SC R B 22 30 R p A B S v A [ WO T PR 1 B Tag™. A B ) B Pos! AR A FU ik )

= Par® # Ji%.

o UPERFAL 1A AT HowNet 15 AR & 6 i A (1 ) 1 ] T S0P AR v 1 P G e ] PR AR VE LR X 27
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S0 IR 43 A T LS ) 1) 9 O G o B ROR R R 1) AR SRR AT A AR S R (W AR L R3D) IR
JHAVE R (A EF . ANEF) E /A7 RS BGA (R RS RIS @i (A . AR, 5 ] ) i W 4 —
FEAS tieTag™ Horbt 88 | AN PERRAIE ) 4, m g 3 P ) a2 1 4
o L EAR I AR AT R A 2 1 A B R A B B AT R IR — N 0 S IR R [ (W 4, PT RE R
TR AN () A7 A S R R T AR I Bl — A 22 2 (K T A8 1) 4 pyePos', JE i, py WS | AN B AR AE
In] &, | 7 B AR AIE [n) B (R 2 5
o AKAFRIE ) B KA AR S AT R B A BT U S AT A A0 2 TR TR AR AE G R A s ) vk B 0
N IAE] 7 BEAT A0 00 BT 060 502 01 16 A0 92 85 R R ) 1 rp Bl 22 T PR A7 96 R il DAL B 7R o o K e
b2 SRR AT 55 TR AT TR TR A2 R T 2 1K B R AT R A AN FVE R AR BRI A 2 4
ESAH W & parser;ePar®, H v parser; )+ s AR i AN I RIVERFE, p J& AJTERHIE = 1 4E
e, AL DA ) & R A, S5 R MR AE 1) B A B A 1) B R AF AR T BT T &5 5 B i 3 AN BB A A
o0 255 A% 20 (1 N LR A28 DA AN Ti]  J3E 2 2% 30 ) v AN [ T ) 7 SRR AU A IS 32 8 ) v S [0 A B 1 B kA=
T S TP AR SO — i ) ST 1) 12 ) A

Ru=WiDTag™ 1)
Rup=W!®Pos' ®)
Rupa=W'®Par’ 3)

2.2 KEHICIZMEINEIT—L
AT T2 P 25 (LSTM) STV %of 338 U1 44 228 0 4% (RNIND [ 240 30E 78 LSTM v B SHUIR 2 hy RTAE A 28 30 78 ¢ 2 2
TR hey F0 ey RV 1) 52 W 1T R B ASE A7 5 (hy) B R R 25 L FE T 170, T AS % B8 S 1), JE 3K R
ctsht:gLSTM(Ct—lsht—l,Wt) “)
S LSTMEO% [E iy 17 A1 R, 2% 31 W5 A4S J7 170 (045 6L, BE 0% B g i 47l 312 00 1) £ 38 SRS, T 1) 2 s,

Fig.2 Bidirectional LSTM network structure
K2 W LSTM ¥ 4% 4544
XLE) LSTM S A8 HI P4~ LSTM WA 7 41 4 W9 A 77 1] (A7 1) 0 1)) 1486, 96K I A~ LSTM AR 53 bR 2 HR IG kS
Sk AR AR AN B [ AS [ 1) LSTM 43 5l 67~ A
LR =g ™M (R W) )
f = 05 ™ (@ R W) (6)
Horp,g=S™ 5520 4y A LTS LSTM 1 ) 2 50U JE 2 ) AN 1 (R B U [hy, T30 240 13
BRI R AERE t oA h =h @R X JERT ) LSTM A1 ) LSTM B2 GRS 10 92 10630 32 3 F 77 38, 1T LA [+
I 25 RE I ) R ) | R 3.
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O
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FEN R A SCAG AT SCHR[3 118 102 U — A R v S5 K2 o 22 TG IR SRR R N\ 1K) 3 22 M 5 22, H IR R e
LSTM ¥ 2% Kk sh 2, B i BER H00 AE R I — A AR SO AR BILSTM K&Ui)Z he (B — Aot 7
AT T R 22 A8 2.2 T R BT B o G K R B U — AR 30 el o, T 2K T

h{=f{%o(h.—ut)+b} %)

1 H
—qgm (8)

0= 20, - ) ©

HbH AR R a R, O WA M R Z MM oe ETeik,g R b s XA by AR R 4 BE 1 22 1 25 2 50 )
B&HM%@%%E%@%%&%&KUmA¢Vm%ﬁﬁmH
=(h,h;,....h) (10)

23 BiEFEEANE

T WL 5 B2 A PR A B AT KK, B 2 T AR R YN R, T DG i B SRR fE A B L i
%ﬁ*ﬁﬁ&%ﬂmLHMEF*A@ﬁFW%*ﬁ%%ﬂmLﬂMm*M%ﬁ%hE%%%jw%A%
Ko ek R AR HEAT ) 552K F LB 06 24 i i N 1038 B AL B9 1 R T B 38 A A AT AT 45 .

WA TR AR SC LA PR AE A 48100 ) 2 MR B SRR 86 4T 1 43 B AEAEAG) o (1455 %4 (4 impressively)
B (A 0L 0] R 19 A0 17) A 17 o 0k A5 JR ) £ 43 S ) (9 4 T AR SO B R i 0 WL SR 5] — AR 1 I
PR30S 5 ), R e ) P AT A IR R AR A R

Table 1 Analysis of key words in MR data samples
&1 MR Hda kAL

MR Hls A4 EN |
An ambitious, serious film that manages to do virtually everything wrong; ambitious,serious,virtually,
Sitting through it is something akin to an act of cinematic penance. wrong,penance
Because of an unnecessary and clumsy last scene, unnecessary,clumsy,
‘swimfan’ left me with a very bad feeling. very,bad
The emotion is impressively true for being so hot-blooded, impressively,true,
and both leads are up to the task. hot-blooded
The screenplay sabotages the movie’s strengths at almost every juncture. sabotages,almost,stereotypes,
All the characters are stereotypes, and their interaction is numbingly predictable. numbingly,predictable

Bl 3 2 R IE 1 B 7,300 Ry TIE K Ving A1 Rupa BIE 1) Vins FENBSMHIIAEZS 5 T Ry BIE K
HE RO BCESE FE Wy ITHE

PVLN VLNl
lyp =Tag" (1)
Lnur = I—(VLNz DVins3)
athZPVLN@Itpp®Lnor (12)
Woeri=softmax(L;(tanh(L,(tanh(L;ayu11)))) (13)
1 L3R 2 2 Py, bipp 1 Lnor A1 43 530 2k 11 45 B AR B« 0086 B R B RIS 1 B R B L Ly Ly 0 L 20 J31) 2 4
JER/NA H3xH+m+1,H+m FI m (ACE T softmax JE47 )3 — 3 4E 4R 5, B VE R AU Way 5T BILSTM
AR B RAS Vi BEAT IS RIUMABLE 33 5 0 RFAE 1) 3 Oyey:
Ove1=Watti ®Vni (14)

5 UH 5 Ry 1838 1R = R AE ) —FF, 73 51 Ry F1 Rypa I8 17 T2 I RFAE 8] 724 Oyey T Oyes. 185 14 HT A
i S — A3 S L BT DA AR AR 1) B 5 G 3 AN T I B A 1) B AT S 15 B S, FE A softmax bk 4
W HLBEAT /R R

© IR

FEEAEFUFSEIT  hipy// www. jos. org. cn




ZT5 FATLREHERAEENNERSET 2789

Satt:[ovel,ovezsoveﬂ (1 5)

p=softmax(w.Sstb.) (16)

ot we BT R b D i AE AR RN 5 e 7 o AR ST A8 OIS AR D 453 Kk B 8, HLAE RS20 2 55 Tl A FH A
LR S AT IE AL 401 2% B R R an

Ioss:—ZD:iyik logp¥ +A|0|F (17)

i=1 k=1
Horh D IR B0 45 KN, C B (bR 25 5, p S TN 45 IS 5y S SEBR 2S5, Al 417 L2 IEMI, A% L2 1E
MY 2 50, 0 B vh 1 2 5048 AR SO S I I ) 4% 16 50725 (back propagation) i it M £ 2 Bt 47 58T

Ovel CID

%
<>

Pun o [l L, Watti

Watt1
Lnor
Awtl

Fig.3 Self-Attention structure of Ry
K3 Ry JEEN HERIEH

tanh Softmax

Vins

D

L

2.4 MFSA-BiLSTM-D#& %!

HERE IO RAT 45 w0 1) 1 AR (R T 2K BE AN B 100(SL<100), WL J& SC3 2. 30 A | () A 1] 1] fig AT — &
(R AE 225 S, 25 040 25 45 B P 28 S AR SCHR I MFSA-BILSTM KB 784327 5] T /AN 76 A1) 10 (135 S 4
FEAR JEL, I HLH 5 e vE hn s o4 A 45 6L DA MFSA-BILSTM ¢ B 75 A1) - 2 S A 7 AR 45 B B (WG X
F 4SRN0 BB T 100(SL = 100) 1) SR 2 SCAR T AN SCRAEAE S 2 /N0 7 A0 F il se R A F 1
AT ] T A5 0 2 SCRY 1) 53 SR8 R R BN ) T AS R BEA 1 1
B IX— i L, Le 2 AP 7 A -7 B SORY Hh 2 2 40 A sURFAE 7R (10 T MR B B9 Tang. 26 AP MR T
W SRS R AREAS PR ik (0 SCA R B R BE AN R 7R T 5 TN CNN R0 28X 28 AP T —Fl22 47 LSTM
BT A3 3R SOA R ) 3 AR T A% s Chen %5 APPIZE LSTN 1A A 17 83 Ry 1 50 - 3403t 2.
TEASC A A A MFSA-BILSTM 520 X6 SR 4% S0 AR 73 28,45 DR D I v Al b SR B SO RS o i R AR AE T 2
B M RAF (WG S0 F 5). K, A S0 fE MFSA-BILSTM M 7 SL il b BF X SRS B AR 2y BS54 0 T
MFSA-BIiLSTM-D f 5 (L & 4). 5 3C#k[32,35] FF,MFSA-BILSTM-D Jj it 2 Je Il 4545 B ) 1 T 7w, T4 31 30
iR an B 4k ) i BB SOk Doe X 43 B A1) F 7 81U [S1,S,. ., Sml, 3L m A A F AN G EAS A TS
A<ism)RI 7 h— R BRI {Xi1,Xia,. ... Xin}, 3 0 RIRA S; B BE MG ER 2.1 50 BT REAE ] S A0, TR 3
AN AR5 AT MFSA-BILSTM A0 22 > SRS o A AN 4] 7 14 98] 05 175 186 19 B SO R vh /N ) 73R 1K ) B Sy
(<j<m); %5 Doc. H T A) T RIE Ds=[Sa1,Sattzs - - -»Satm 1 EN W 4CA) T IR 3R 4T I 45 2858 J2
— G R B R I BCE R B W
Sw=VsLn®Ds (13)
Wea=S0ftmax(L,tanh(L;S,y)) (19)
P Ve 4 BILSTM [ B His Ly FH Ly 23 i 4 B KN A Hrm R m AR, H A B e o o A 4 1 s 45 2
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DIASUIG A = T RFAE 17 32 Oger
Osve=Wsat®Vsin (20)
o, softmax & Zoe H BT 4 28,

Waatt

Self-
Attention

L

|LSTM [ {{LST™| [LST™ |
[LSTM HH{ LsT™ H—{LST™ |

|om=fmmmm———f - — — E _____
.... Sam ._._._. Sar .. .... Sanm:_

|
b o

Word representation Sentence representation

Fig.4 Architecture of MFSA-BILSTM-D
4 MFSA-BILSTM-D 1k R 4544
3 XWE5HH
TEARFT P AR SCAE 5 AN Binge N AT S8, JBOR T SEU0 40 55 VR4l TR Ak RE IR BT T 45 AL
31 HiIE&E
(1) MR:MR 2 —A 202K s SE PP B 5, 00 F% 10 662 MREAS, 235124 5 331 ANIETHIA 5 331 AN ;
(2) SST-5:SST-5 & —/N Lo R4, 72 tH T IR AR AR AT 28 45 11 855 /M) BT A g AT (1) 227 376 A
FHE ARG 1 A SCHE SST-5 Hs4E L 43 6 0] 7 RN F 4808 o B i A 7 2 AT I 45,
A% )7 2% P 1 R A AT K
(3) SST-2:#t SST-5 [K%d g b kAT 38 T (I B3 A 1k 8, JE 3 AR RN R B 1) A8 e i b FR AR, 314 W% R0
WU I PES B PRIC A T ), 15 8] 2R E R4 SST-2. A A4l T 4 B U R SST-2 Hidh 4 b
BEAT YN, A8 T A) 7 20 00 AR H s kA7 0003
(4) YELP3:3K H 2013 4 Yelp £t LBk 10 VPR 208 42 RN VP IR O RS A I 2 1 2~5 A
(5) IMDB:IMDB & — ML R 2R 48, 0048 84 919 AN TER, Ju B A 1~10.
Hh MR, SST-5 Ml SST-2 42 f 1 ¥ 4(SL<100),YELP3 1 IMDB #2& U 2% Bi 45(SL=100).% 2 &R
T AR G vh, R, C ot H RIS B, SL IS FEAS T3 K B, SD 3R AR SCRY R ) T ISP 3 B i DS 2
SRR /N WS 7R Tl B/, Test 2 MR AE KK/,
Table 2 Datasets for sentiment classification

R2 RS ENEE

¥yt C SL SD DS WS Test

MR 2 20 — 10062 18765 1066
SST-5 5 18 — 11855 17836 2210
SST-2 2 19 - 9613 16185 1821
YELP3 5 189 11 71193 48957 8671
IMDB 10 395 16 76538 105373 9112
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32 HIEMALESBSHKE

A A Stanford CoreNLP T H G 3 2 ¥ 5 AN S50 $OHE SR 2EAT 4301 o ] VAR VE FIAKAE F3E 3 BT A SCR
Pennington % AP 11y Glove [ ft A 4y 81l Hik N ) 4R 1, 3L rh AR AN 3] i) 44 300 4, i 1K/ 1.9MB.
A 5 A 9256 H e A ) AR B AL A FH 3840 23 A1 U(=0.05,0.05) K BEALAT 46 1. A6 32 AN S48 b 1] 1) B4
300, i HEAFAE N 30,00 EARFE A 25, MK A7 AIEAFAE Ny 25 I ZRId FE A SCAE T AdaDelta £ )5 T B A5 T A 2R 4R
() dropout rate WA 0.5 A UL FAE MR E P8 56 BRI A (1 2 SRAE b i X R ISR A R B 48 B S8
W WA 3.

Table 3 Optimal hyper-parameter configuration for five datasets

F3 SAHEENREESHICE

YELP3 IMDB
% : y
24 MR  SST-5 SST-2 W S W 3
Learning rate 0.1 0.1 0.1 0.1 0.01 0.1 0.01

Hidden layer units 128 128 128 128 100 128 100
Weight Decay le-3 le—4 le% le-4 le-3 | le-4 le-3
Batch Size 16 64 64 25 32 28 128

3.3 1EBIN kR
P2 SCHRE S 1 P AN 43 ) 5 SR v VR AT T LR, LA R AR SR H 1K D Y A A S T v T LA A
3 4,0 F TR,

1 IR

o SVMPLIEE AL

o CNNULAGE I FR I ek 0 37 i N\ P06 T ol 428 W) 238 5 700

o RNNULJHFRHIZE K %5,

o RNTNPLILF 5K EHREAE ok 50100 175 IS 2 1 SCAL A IR0 R BE A 22 X 4%

o LSTM/BiLSTM: K %5 1] 1c 42 W 2% FH X0 [ 4 5 142 0 2%

o SSWE+SVMU: 1 2 A= ey 2 5 8 1) i # N R 4L SCRS %671, 28 S5 I 2k SVML 73 S 2%

o Paragraph-Vecl: I A1) R SCRY rf 2 3 43 A AU HE 280 0 0 W B T

2. R LR

o Tree-LSTM!™: 5 icAZ 41 MO R T T 5 | AN F 45 #1004 390 6 BT A2 o 4 I 44 A5 70

o NCSLMgfy -1 5 40 B0 01 1 56 1 4540 AR BRI, L v AU TR o Ao 45 ) 2408 25 > 749 51

e LR-Bi-LSTM 3% & MLIML K LSTM;

e RNN-capsule!®:5EF RNN {115 2% 7> K e 7Y

e Capsule-BP¥L: LT CNN f0) T4 2 IR JERAY

o AC-BiLSTM!"': HAT i R LI A B2 (XL LSTM SCA ) B

o CLA+CNNML—Fh T S 2 5 175 25 43 M1 A0 10 J0) 26 B o 428 I 44 A0 A 7 PR S 284

3. SRR LR

e RNTN+RNN:] RNTN R fEA) 7, 45 1) F R -4 N RNNG AR 50 RNN ) Bt i) =22 1EAT 135,45 21
FT15& 2 2 SRS RO

o UPNN(CNN)LUPNN 45 A F /7 1 169 SCAS fi &f 5 B R0 78 170 B 51 N CNN i I 49 2K
UPNN(CNN no UP) H A& ] CNN, AN B/ F 7 s 8

e CIFG-LSTM/CIFG-BLSTMP?:# & #i A 5 4c ] LSTM 1 BLSTM, %) %7~ 4 CIFG-LSTM 1 CIFG-
BLSTM.4i4 T LSTM WS AR &1, 5 il LSTM AH L7 B2 5/ 1 S 40

o CLSTMP*:ZE7F LSTM A P SR 41l 4k 4 SCAS rp i) 4 A T8 SCAR JEL I3 9 P 22 4 465 1 U 28 BT 1)
B-CLSTM;
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o NSCUSIAfi F B Aa] A1 6] T 25 i 1 23t J22 NSCHLA i FH A H_E R SCHb S0 SO SR vk B b

WA 4 WA TSR (MR, SST-5 R SST-2) 1) LU 45 JE AT 14 F 7 vk 11 45 5 I SCHRT9,11,18,19] 51 .
# 4 PALLE H MFSA-BILSTM 7E K2 S a5 4 LIS T LAl 7 v SE AP i 45 31 48 Lk 14 Fhos i,
ASCHR 0 7T B MR 2 A T H 4 1) F A 36 45 .SST-5 Rl SST-2 4l 4E 1) MFSA-BILSTM &5 443
AWK 49.7%,51.8%A1 89.7%. WL H: 15 3 FhLF CNN [ 77 7(CNN,Capsule-B Fil CL+CNN)A L, MFSA-BiLSTM
WA EARE B T B85 R U A S 35T LSTM (7774 Lh3EF CNN )75 1550 58 A AT 455 )
i, 5 P Rl R 8 S R0 IRHEAT B LR-Bi-LSTM J5 VA NCSL J7 7% AH L, MFSA-BIiLSTM J7 ¥ 1 43 3 L 2 5
UF R T AR SCHRE SO I T 5 R YRR AT AR, 2 AN [ )R TR T LA AN [ A R 2 2% 30 ) o R 1 Uk
B AL A B 5 SR A vk 540 0 TR WL AC-BILSTM  J7 vEAH bX, A Se A 1) 18 332 73 T LA 345 B0 4
(1 e 5 AR TE ZIFE R Tree-LSTM J7 v AH L CUAUAE I ) F AT VIR Bk I BB 45 R BE 2.9%),MFSA-
BiLSTM J7 VAWK T b b A48 P T 00 05 B R A (S T A R B SST-5 R 4 KRR = AN K.
J34h,CL+CNN J5¥ELE 4028 MR R4 @Ml —— /N B 84.3% 1) J5 72 H & AR SC 42 tH 1% 7 v 55 CL+CNN [
SR W 2 e FIBT, R 4 36 0] DUE L BE TR B2 2 2 Ik B A TR G ML s 2% X i,

Table 4 Experimental results of sentence-level sentiment classification accuracy

R4 AR SR I SR 4 R

e SST-5 SST-2
B MR + phrase + phrase
SVM - - 40.7 79.4
Paragraph-Vec - - 48.7 87.8
CNN 81.5 46.9 48.0 87.2
RNN 77.7 432 44.8 82.4
RNTN 75.9 434 45.7 85.4
LSTM 78.3 45.6 46.4 84.9
BIiLSTM 79.8 46.5 49.1 87.5
Tree-LSTM 80.7 48.1 51.0 88.0
NCSL 82.9 47.1 51.1 -
LR-Bi-LSTM 82.1 48.6 50.6 88.7
RNN-capsule 83.8 49.3 - 89.1
Capsule-B 82.1 48.6 - 88.7
AC-BiLSTM 83.2 48.9 - 88.3
CL+CNN 84.3 - 5 89.5
MFESA-BILSTM 83.3 49.7 51.8 89.7

G, S 4 SR I 43 U 0 HEAT VP A A8 W 96— B A SR, 7 AN A 5 4 R LUK A
X LER 5 W SCRY L SCAR(YELP3 T IMDB) S5 25 5 H7 13 Fhos v 1K 45 5N SCHR[33-35]+ 51 A

Table 5 Experimental results of document-level sentiment classification accuracy

RS SURGUIG RS FAERPE 1 SE IR 25 2R

iy YELP3 IMDB
AvgWordvectSVM 52.6 30.4
SSWE+SVM 54.9 31.2
Paragraph-Vec 55.4 34.1
RNTN+RNN 57.4 40.1
UPNN(CNN and no UP) 57.7 40.5
UPNN(CNN) 59.6 43.5
LSTM 53.9 37.8
BIiLSTM 58.4 433
CIFG-LSTM 57.3 39.1
CIFG-BLSTM 59.2 44.5
CLSTM 59.4 42.1
B-CLSTM 59.8 46.2
NSC 62.7 443
NSC+LA 63.1 48.7
MFSA-BIiLSTM 59.5 45.6
MFSA-LSTM-D 62.4 45.7
MFESA-BiLSTM-D 63.8 48.9
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MK 5 T LAE LA SCIR 1 MFSA-BILSTM-D 32 Hb 5 /> %8s 45 b 1 2L Al e 46 3R 15 7 T 4 1) &5
(63.8%F1 48.9%). 5 [AIFE 2 2 Y 4545 B 4] 3R 75 B A3 B SCRY R 7R ) RNTN+RNN J7i%. Paragraph-Vec 7%
NSC J5 ¥ #1 NSC+LA AH bt, MFSA-BiLSTM-D J5 A HUfF T 50 4f 1) 43 SRR X B T AR SCHR H I8 7 v A 8.
/) I, 55 5 A8 LSTM B (1) P &8 774 () CIFG-LSTM,CIFG-BLSTM,CLSTM Hi1 B-CLSTM #f L, MFSA-BIiLSTM-D
JPERAWATYE 53 40, N 5 a] DUE H 6T SORS SCA S0 42 (YELP3 Fil IMDB), A% SC 2 Hi ¥ MFSA- BiLSTM-
D k4 BN F A MFSA-BILSTM 7792 0X & W T MFSA-BILSTM-D ¥] /7%l MFSA-BiLSTM 7714 % i&
A AT 55 MFSA-BILSTM-D HE8 112 I b 475 % SCRS G SCAS 1 1575 1240 1)

3.4 BiEEHNEIFESHENEZNG

MFSA-BiLSTM A6 P A~ 450, B 15 3 = O AL AN 22 0 1815 5 R AE 0 T MFSA-BiLSTM, W %10 B BT A3 1K
Sy AT T o 4 AR A o IR R AT — AL S50 SR VR AL B R ) R 2l 1 S R AE 2 I W MFSA-
BiLSTM 1 MFSA-BiLSTM-D PB4 B (152 0. tH T MFSA-BILSTM AN T i A b, 26 AT T 48 i
e Ik (0 RO AT A R SR R 1 SST-5 R/ 8RR A ZE AN K R, O T B8 — 4 W, £ J& TR T AT S5 46 o -1
SST-5 i g, A 3¢ HAF ] T 4 i Rl 1 SST-5 £l 4R,

() AEEHMEmW

AR SCHE R R R B AR TR RS Lypps EVARBIIE BT Pyoy RIS BN FEBE Loor 1X 3 AN 4044
FROL P 3).28 T 4B T R0 6 A ()5 0 £ S 50 R R R B T R A S R IR S AR SO 5 AN B 4 B
MFSA-BIiLSTM £l MFSA-BILSTM-D PN 8 43 S 3EAT F ¥ 8 00 B R 10 s i ML 31 5 B L% 6 Ik 7.

Table 6 Accuracy for MFSA-BILSTM with different self-attention weights
F 6 AFAEENE R MFSA-BILSTM fIH5 i

MR SST-5 SST-2
MF-BIiLSTM 81.9 495 88.0
MFSA-BIiLSTM(no ligp) 82.3 50.8 88.4
MFSA-BiLSTM(no Py_y) 82.5 513 88.9
MFSA-BiLSTM(10 Lpor) 83.0 51.5 89.2
MFSA-LSTM(all) 82.2 51.1 88.6
MFSA-BiLSTM(our model) 83.3 51.8 89.7

Table 7 Accuracy for MFSA-BILSTM-D with different self-attention weights
R 7 AFAEEBE N MFSA-BiLSTM-D {6 /&

YELP3 IMDB
MEF-BiLSTM-D 59.6 45.4
MFSA-BiLSTM-D(no lyp) 63.0 47.6
MFSA-BIiLSTM-D(no Py.n) 62.8 46.9
MFSA-BIiLSTM-D(no Lnor) 63.2 48.1
MFSA-BIiLSTM-D(no Wsatt) 63.6 48.8
MFSA-BiLSTM-D(our model) 63.8 48.9

T 6 F1 7 0l LLF W, 58 4 ANl T ) = AL Y MF-BiLSTM Al MF-BiLSTM-D 43 28 3% 5 W] B AN fin 4if
FI T W AR S HLE MFSA-BILSTM(no lypp) F1 MFSA-BiLSTM-D(no ) 58 53X M 17 5 Sy % BeAi 111
D3RR — 2 B B R T A R AR, T AW 3 E B B R R ) BCE (R IR R R Lypp 11 4 B2
Pyun B ANH B AEFE Loor,XF MESA-BIiLSTM il MFSA-BiLSTM-D [ GE1 1R K (5. 59 A0 440 T 56 A
R ACE 1 LT , MFSA-LSTM(all) ¥ 2 2830 W B R 1 MFSA-BIiLSTM(our model). 7] JL,BiLSTM #gf% Lt
LSTM U7 M At e e 51 G A5 AE 55 [) IS 147 58 48 B v 3= 0 AL ¥ MFSA-BILSTM (our model) il MFSA-BiLSTM-
D(our model) A 345 e 45 KB UE I T BEE 1P ITE 4 % T MFSA-BILSTM F1 MFSA-BIiLSTM-D )5 %
g LA A .

(2) ASIRIE R 52 00

AR SCHR 1) 20 3038 U 5 R AE AL R FH A ) 2 RS 25 A 2 180, R P T80 17 8 ) V2 2L 80 R Ry FH A i)
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A ) B £H ) (AT 1 7R ). T 4878 1 SRR IE XS AR [R5 AR SCHE 5 N B4R EXT MFSA-BILSTM Al
MFSA-BIiLSTM-D X Py AN 84 43 Sl EAT T 15 35 R A8 1 15 SE A

TR 8 FIFR 9 W] LA H : B A5 1 5 R0 AE P 2% 0 A% 282 1) 52 7% P SRk v, A 280 1) e R R L A K AL A B8 11
BAAEREBIE T SRR I 2 TG 3 AN EIE ) MFSA-BILSTM 1 MFSA-BIiLSTM-D b HAfH T
FIREAE AR () 73 BT AR T T 1.8%~4.4%, 2o 1 Ry AT Ryypa 751 BESE T 7 THI R A DRI (0 45 FH DX UE W T 22 Tl I8 75
SHE T LA3E— 253 85 MFSA-BIiLSTM FI MFSA-BiLSTM-D Kk fE.

Table 8 Accuracy for MFSA-BILSTM with different linguistic feature
8 i SUHME N MFSA-BILSTM [k ik

iR (RIUEL MR SST-5 SST-2
Rup Rupa Rut
N x x 79.1 49.7 87.8
x v x 80.9 50.2 88.3
x x \ 82.1 50.8 88.7
SA-BiLSTM N N x 81.9 50.5 88.5
\ x v 83.0 51.0 88.8
x R \ 82.9 51.4 89.4
\ \ \ 83.3 51.8 89.7

Table 9  Accuracy for MFSA-BIiLSTM-D with different linguistic feature
%9 AR FHE F MFSA-BiLSTM-D (¥4 74

SRS UBLS
Rwp Rwp RWL YELP3 IMDB
N x x 59.4 458
x \ x 60.3 46.3
x x v 61.7 47.7
SA-BiLSTM-D v \ x 62.9 47.4
\ x \ 63.1 47.9
x \ v 63.5 48.4
\ \ v 63.8 48.9

3.5 BEX/NMAREFERNEME

VB 55 R R A S o A9 T A B 1) P SR A R R A R R A 43 2 R e A S A L I
Wb AR IX /N IR AR AJVERRAE LA ] s AT T 4 A

AR S FE 6 W oR T HLAG AN R i R 1] VA4S AE 1AV RRAE K /N ) MFSA-BILSTM F1 MFSA-BILSTM-D #%
TUPE g A SCAE DU 4R 4P I 1) K/ {10,20,25,30,50,100,2003 . A 5 T LAFE He 2430 P 1) K /N AR AL IR
H7E MR,SST-2,YELP3 I IMDB X 4 /N4 248 S I T+ % 243 2 ) 52>30 I, BEAYFE MR Fl SST-2 il
$ L VBT 9% 5h; 51 ELBE A 4 BE AR I0, 4> 28 e 2 IR B4 #h /E YELP3 il IMDB %di 45 L B i e ta
FE B 6 P 24 vk 1) B2 5 IR R TR 1k R T R . LAl b, 308 905 A 1A ] e 1) R ) 95 1 o KN T LR
AP 4R

32 o 65 PR L i
39 88.7 ~. 830 535 334 61 s
576 /—‘p/
86.0
86— 57 g5
o . ms 833  g30 83, 53
W 19 _—4;_6_4-8..3_489_435_48&6 |
63
a0 T T T T T . T 45 T T T
20 35 30 50 1o 200 0 20 25 30 50 100 200
—e— MR $5T-2 —8—YELP3 IMOE

Fig.5 Influence of parts-of-speech features in different dimensions
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Fig.6 Influence of dependency parsing features in different dimensions
6 AR AEAE AN R 4E L 1Y 5%

EE 7 P REIR T MFSA-BIiLSTM Fl MFSA-BIiLSTM-D P M AL A A R 4 5 FUAS R 3G 1 i N 17 BE.
AR LU 4R A R 1) K /N {50,100,150,200,3001, 37 8 B S5 25 RN BEHL 5 Tl ) 46 i fi0 N R B B P BT AT
BT RN B2 AR NG 7 hn] LU A5 AT S0 4B AT P05 10 4] %N ) 5 [¥) MFSA- BiLSTM Al
MFSA-BiLSTM-D Lt A# I B L7 %\ 17 5 ) MFSA-BiLSTM 1 MFSA-BILSTM-D % % 51 41 2 [ H8 K /NS 1k
A8 FH TR 5 14Dl N 1) A 2R ) o S AR e T T % e A A P L 6% N ) 8 PR A 28 £ i) > 150
FF U6 I3t 2y 5 B AL 5 N T o A b, SN ] 8 N ) A LA R R A

92 67 538

89 551 62 >
2 //’?rx g 6L5 617
s 35.3 37.5 s7 | ss2 eq 60.6
Tl ad ./
3. 822 526 %83
83 A 52 . 59

a1 L1 8L.0 61 47.4 47.3 8.3
79.7 -
30 — 792 —* 47 3
73.1 6.3 47.1 6.7
146
77 . . 42 : :
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—— MRE-rand MR —4— YELP3-rand YELP3
—k—55T-2-rand  —— S5T-2 —&—IMDB-rand  —=—IMDB

Fig.7 Influence of different word embedding and vector size
B7 TR AR ] i N R I B RN B S R

3.6 FRIXAKERFM

LETF AR o 25 W iy N SCAR 3 270 gt it 249 o — AR s (A P 1, 357 (i) o P A B 2 o i i, T o i SO AR
15 B0 E R, T BOCABR A H IR 28 AT S — ) J AR /N5 4 S VPR B SR (MR AT 17 SCAR K B 15 5256

55256 MR LSS VP 18 B SR (MR) rT LA (& 8(Z) BITm). BUE SCAR K 15~60,[8] (4 5.4E LSTM,
BiLSTM,MF-BiLSTM(JC A {1 i S AL, 45 22 3 3 45 100 ) RUAS SR HY 1) MFSA-BILSTM %5 4 AN 754 E k4 T
Sy ST &5 B 8() TR 24 Sr A K BN T 35 I, LSTM,BILSTM F1 MF-BiLSTM X 3 M A i) 43 25 1tk g =
N B 24 e A K KT 35 I8, LSTM,BILSTM Al MF-BiLSTM X 3 AR 3 2 1k G5 P 2 s S 2518 71
R ICHR 1Y MFSA-BILSTM BB (1) 43 28 1k i SR SR e BB 5, 2 SURK E KT 50 I, MFSA-BILSTM
R (1) 73 ek e 5 1 PR 3

(R, 28 SI2 6 23 A7 T LA HY AR SCHR HY ) MFSA-BILSTM B 7Y 7E S0 A B I 7 i R b 1 40 283 AT 22 91 R
SR KRR J& MFSA-BiLSTM 2w (1 [ V2 5 ) A2 i 1 4 B B | A0 s s S B R AT 4 i B R BRI 3 3 4
J8t, T ) G TR B R A i T R B SCAR A A SOAR A R o AL I R T B R 5 )
MFSA-BIiLSTM #5714 [ 73 S5k e 25 52 B 5% 1.
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Fig.8 Movie Review(MR) dataset visualization (left) and accuracy of different text lengths (right)
K8 HUEZ VPR HE A (MR) T ML AL (L) FIAN[R] SCAS B K B2 ()

4 REISIMEBEENATRL

4.1 H=HIDHF

h T 25 A T AR SCHR S AR B BILSTMOE H & ), 8 2 18 38 F#1iF),MF-BiLSTM(L H V== 4L
A7 % 38 TERFAE ), WFCNN(E F T 15 8% 7R F (1 CNN) LK LR-Bi-LSTM({# ] 7 35 3 HFAiF (19 LSTM)%5 41 784
FRIIE 3 A ST A8 P 283 Y1 4519 MESA-BIiLSTM,BiLSTM,MF-BiLSTM,WFCNN # LR-Bi-LSTM Fiill JLAN HA% 1
FEGI K AT 2087 T MFSA-BiLSTM-D J& £ MFSA-BiLSTM _E 42 Hi (i, 5] b, 46 A5, 2 30 H % MFSA-BILSTM

BEAT M

gk 10 BEf 52

iR IR,

Table 10 Analysis of typical sample cases

Fz 10 SRy

1D I R ! T 45 R
MFSA-BIiLSTM v
The last case (a different brand) we ordered from Amazon was LR-Bi-LSTM x
1 so terrible we threw away the entire case. However, the Boscoli 1 ME-BIiLSTM v
brand is good and we can enjoy a good dirty martini. BiLSTM x
WFCNN X
MFSA-BiLSTM N
. . 9 LR-Bi-LSTM x
2 | Aot demens s s fors e e it || s |
’ BiLSTM x
WFCNN X
MFSA-BiLSTM N
After di ing th £S bile ph LR-Bi-LSTM N
3 my Weibirisltglc;ltivoefr ltr}lliosf(l;:z'? sta?lr(ilign]ien:;régﬂp' ];)gisa’reful' 0 ME-BIiLSTM v
i : : ’ BiLSTM X
WFCNN X

SoFFRE] 3,15 ] AN A2 BRES A 0, 1 R T o 1A A &5 A 0 0 B RIS AN S L T
WECNN 2 B4 10 2 J=) 5 AH A1 37 22 18] PRV AL, R o LR B 23 25 BILSTM. AR BT 58K 0 B R S0 Ul He fig
JIAREREG] 3 B KA 1 IE ST 1A, H T e R 0 15 ) e 80 A TEAT AR B, AN T HH B T iR 4325110 MFSA-
BiLSTM,LR-Bi-LSTM Hil MF-BiLSTM ixX 3 AN 78 73 I F 748 5 AR, A 30K I B R S0 SUR e RE 7, F
REAR T I T SO SO A HR (155 Je ) 3 47 R E oo, DRI R 68 10 0 23 28 56 R 481 1 FIRRA9) 2,3X B i 4T “however”
“but” 71 1) SCA,LR-Bi-LSTM JF3%& A 32K D S5 A2 LR-Bi-LSTM BERY [ i 15 3% B A R BRIk, & v % i
A7 A G 2R, 1T T 422 568 A SC A (1 155 J ) 30 A7 5 B2 14 1. MIF-BAiL S TM, i 4% MR 4 1) 1~ 45 #4030 8 0 R i)
o AIE X — i A e A U] 1) SO AT IR A K 23 (R 1), (H 2538 31 3 R 75 Ry TE AN W A2 LAY B4 R SO I 25
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AR (RE) 2). 10 A 303 B9 MFSA-BILSTM 7E MF-BIiLSTM A28 b3 I 7 [ 93 &y, 05 3 3 2 m e, n 8 3
A (1 TR A I TR O A SRR O B I 5% IR ot A SCHR HE () MESA-BILSTM #84 w] DL 43 28 i 2.
42 BiEFEHTHL

ARICAEE 9 FRATLAL T MR 203 1R 4 o 1 9 A 461, K i B MFSA-BILSTM [ 2 i [ 34 =8 J) 42 o]
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Fig.9 Three channel features self-attention visualization
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