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Abstract

Aspect Based Sentiment Analysis (ABSA), which refers to the prediction of the sentiment polarity
of a given aspect, has attracted a great deal of attention. In existing ABSA datasets, most sentences
contain only one aspect or multiple aspects with the same sentiment polarity, which degrades the
ABSA task to sentence-level sentiment analysis. In this paper, we use a new large-scale multi-angle
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multi-emotional (MAMS) dataset in which each sentence contains at least two different aspects
with different sentiment polarity, but the distribution of categories in this dataset is extremely
unbalanced, resulting in model accuracy being influenced by a particular category. To address this
issue, we augmented the original dataset with data and proposed a new dataset for MAMS, which
was named ACSA-V2. In addition, we modified the compression function based on the CapsNet
model so that the model could converge faster while improving accuracy. The experimental re-
sults show that the improved CapsNet-based model improves accuracy by about 5 points on the
aspect-level sentiment analysis task compared to Jiang et al.’s CapsNet model.
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1. 818

F T 77 15 B AT (ABSA) & — I V2 B FL AR FE 18 Z T I B AT 55, BRI A7 Py
SE 7 T G BV B SIS AT S5 B T4 5€ H AR 1% & 73 Hr(Target Based Sentiment Analysis, ATSA)
L T4 58 J7 T 25 7] ()15 173 #T (Aspect Category Sentiment Analysis, ACSA) [1]. A3 3 EHf 51 3 T45
75 T PRI 2640 AT, 3 B O TH SR A2 $ BT 8 SCEFIR . 9, £E: “Our waitress was a bit cold but she was
still attentive and cakes came quickly.” X fJiEH, AASHIRHFIARTE “waitress” F1 “cakes” , 43X

“staff” JHIFN “food” A, EAIE B BIEBIIES: HIAE D MBRIEEE .

Jis B2 2% (capsule network, CapsNet) & i/T e g 42 H 1 —Fh I 22, e s TG B 7 1) B0l
I HRE AR AR, SINIRFEMI 4 Rk CNN Al RNN RN G4 R dm A AN RV RGAE 11 2 8] 47 B 5% &
IZRIA R . Wang. Sun F1 Han (2018) [2]#& H T 5@ BT R FE M 25 . A A28 1 2 T A pp 2 I 4%
(RNN) P RRFERAY,  REARFEAN A PO AR 2 TS 46 A2, T ELREWS B N SRR, JREE N 1)
o 5B MBI SN B AR, AR —/MEZES00 . Wang % A (2019) [3]224 7 RNN ik
FEVLE N, ABSA MRS, AbAITHR tH 1 J7 G IR ZERRL (AS capsule), ZARAL e LUBC & J7 2R I P47 77
RIS 2. N T Bk = T b ic B K108, Chen A1 Qian (2019) [4132 1 1 —Fi% e i 3
W 2% (TransCap) B2, FH T SRS g kiR A& S 21 77 T 2175 2% 47 25 . Du. Sun Al Wang (2019) [514&HH T IR %&
W25 1) o —Fis o, BT R R i B X 2 593 5 MLk A 45 & . Jiang. Chen Al Xu (2019) [6]4 T fi#
RIT T R A AT B AL N ) T B T 3R H T CapNet 4%, 76 56 Ji 0 A _Ein N 1 05 T i) N A0k 22
EHz.

FAT7#Hr 1 Jiang. Chen F1 Xu (2019) [6]f TAE, KILHARLE MAMS Hf] ACSA HidfitE 251> 7>
AT S B ANZ AR 155,  HIS I T 48 BRSO FE RS . S TRk bR i), AR T —1
T BP0 7 THT 15 B0 AT R R X 4 178 ACSA-CapNet. FRATHI T E TAER: o5 1 5RM 7 F UK. BEbL
TR S5 SCARIE SR AN ACSA HRAEIHT T P4, JH38H T ACSA-V2 Z 5T 2 WM EHdESE: 5 2 B1E
Jiang &5 NBLRYELRT Bn T 1 JZEFZ I T G BT R R, AR B b B U R R AIE . S
eE MR, 5 ACSA-V2 Flade I, P o7 Jiang S5 NI TAER HH 4 5 AN E 4 A
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2. ACSA-CapNet {58!
2.1, BE{RIEZLHELE

R 24 e S s FTE U |, Jiang S5 [6] N\ 55— 10K IR 2 W 28 FH T 4ipr B2 1% oA B, AR RS2
1L i 770 AR T B AN Z I 28 RGP 28 X 25

AR B 4 R R B L IR — AR S, IR BN AT S FACh R R E
UEAh, HITHIRAN a SEABIEIRATE S 1 E® =[E;;a] Hdfteok, 5307 MR TIRNE®; 3 2 &
Iy g, A AR A X 45 AR A ] [ A 570 (BIGRU) [7]180 5% 22 0 45 [ 81K AR A5 B 1) 7 2R
ES By B R RIRH =[hy,--- h s 58 3 B AR, FRA T I SV AR A5 e IO SR )
RIRFEP AT c: B 4 MO NFRNREZ, ETH-WAEMKHRE, HF3K00KEY , FH
PR A L T 07 T 1% B4 RN R bR 2, a1 Softmax R 25AE e ) i 38 S R AN 2R 11
M,

AAE Jiang SF[61HIBALEA E I T 1 )2ERE, HRERIRICARIALE FRRHIE, E15RHE
PREUE A dhAh, BRI R BORAT T o, (AR SRR R TR T SO R I 4% 1) SO
SRR 1 FTR .

............................

__________________
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Figure 1. ACSA-CapNet Model Architecture
1. ACSA-CapNet 18812244

2.2. JABRANE

ERMNE, AT TS B BN E, ST ACSA 1£55, BT AR AIR N a £E I 2R 1A
WBEHIIIR AN 2] o FATEIL K IT RN a SR EIRRATE S | B =[E;;a] Pk, 132177
HIEJFHRNE™ o
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2.3. w2
FRATT I 2 X 17 [T 42478 P4 5T (BIGRU) A ik 272 3 1o U T R A1) 1380 B By | R SO RoR
H =[]

H = BiGRU (E*)+E* 1)

24. REMEE
TERRIEHE IR, A I LA EAR B 5 IS0 R BRI SR P = [ py,---, p, | FITTHIC B C o
P = squash(W °h, +b”) )

¢ = squash(W* +b" ) €))

LW P P W2 b 2 SIS0 JRATRBE R 4  TE BR KU Sk () s, A2 A
[9] [10] [LLIFISM, I B 8E LSRR (5) iz -

s s

h(s)= — 4

squash(s) W o 4)

squash(s) = "5"2 > S (5)
0.5+|s|* [l

HTAFIKERA, RiES EERENVISRENSERG) R, SRINGTE T E. KE
B AT 25 R BoE RBOS B, SBTARNNEEGEE: MHLZ T, KEH2ERE) T/
SETA I EEBAK . AT RRXA W, JATIR N T ISR A, )R T i 3 ke 5
MR, IRl LR A R E v, X AW R A A 2 SR

" exp(pW"c) ©
> exp(pWic)

T B H AL AR, JRAREN A AL [L2FE NIRRT . JF R EEEEH TS
HHERE, XER AR BG4 BRSSO RE R TR

AT T M IREE S| T L], R O TR BRI I e IR A RUOR A Al g S B R, A
SEAE M TR U BRSO IR RS R A Bk, FRAVEH ISR TR AT
B I I AR . 1L G e R& RAERIERE, FE B KRR Ak . C R MmEE, d
FENGEERNIIYERE o FRATRT LLd e o) 175 2506 B B B oS RAIHEE IR Z = [2,,--, 2, ], Il 5
TR BEANE 28 e Je 2 TA) AR AR TSR AU w

z, =squash(G;) (7

cxo( )
W =7
] ZkzleXp( piWer)

@)

25. RFHIRERE
T AU BCE MR AL, RETONRIEY =[v,, -, v | TEATHEON:

v = squash(sZwiJ.ui pij 9)
i=1
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Horpr s BT MGS L TR EEBE AR S IE AT JAE A bR A 9 2 77 1 A 17
RPN IEENEE @

L= ZC:Tk max(O, m* —|v, ||)2 +A(1-T, )max(0,||vk |- m‘)2 (10)
k=1
Hp T =1 HACHRA K AFAERT, m™ Aim™ RUbrS 8, ARSI HIR . ERATRISER
m, m, AZHlikENO09, 0.1, 06.
3. SWERS
3.1 SCIO¥HE

ATCAE MAMS-ACSA Hd £ (1 5 At F R FH BEATL 5 46t [7) S5 380 LA B B3040 I o 5 SC A 5080 1 580 7 ¥
Xif S B AR EAT 7R, AR T — S B ACSA-V2, FHAEH EIE S R B S R AR K
AMEFF B 1 FTR). ACSA-V2 Fdlitirh —38E L1 /MBS 7 2R A0 &9, RSy AT, fr
Moo AT SRR, HbSURIAR . ST S RO SEAE &SR B LU BRI food 7 THIAHR &R & L%
ik 729 50%, T prices menu & JiE 5 o bR D 1) 5 THVERAH LI 1 140 10%.

Table 1. Statistics of MAMS-ACSA and ACSA-V2 dataset
%< 1. MAMS-ACSA #1 ACSA-V2 #iiE&E %1t

EAE7iE S 25 o 29 =
food 2307 service 631

staff 1383 menu 475

MAMS-ACSA

miscellaneous 954 ambience 324

place 694 price 322

food 1491 service 818

staff 1068 menu 605

ACSA-V2

miscellaneous 1075 ambience 538

place 901 price 594

3.2. BL&ER

FFATHE H 1) ACSA-CapNet 1527 5 Jiang. Chen F1 Xu ] CapNet B 3E47 L. A T BRIESZI6 I 7
T, FRATAE R BE 1 B 6T ACSA-CapNet #:78 fll CapNet #5278

3.3. SCERAETS

Seaeh, FRAE i GloVe (Pennington %5 A, 2014) [13]1F 5511255 300 4 B3] [ 5 SR ATT 4 4 it 2 kA
2R BRI B R N ) B IHE K /N B A 300. CapsNet FIFHEIR R /N 9% B 64. F-ATE ] Adam 14k
FARZRILA TR . ACSA-CapsNet 2% >] H B E Jy 0.0003. ATEATHTARM 5 1, RFKIEA 20 %2,
IR M ARG R . RS HSHIENE 2.

3.4. BR557H

SEIGEE R WAL 3. R 3 HIRAMFH LR E518: AT E M ACSA-CapNet #7472 MAMS-ACSA I
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ACSA-V2 HHE&E# T Jiang. Chen 1 Xu (2019)[) CapNet F7 . szi6 45 BE AT 7 A THE H 1) ACSA-V2

B St 7R Iz AL e

Table 2. Experimental parameter setting

=2 LWBHRE

ZHGTR S L ZHE

learning_rate AP 0.0003
embed_size ] [ 4 300
dropout BEATL SR 0.5

num_layers AT 24 3

capsule_size ik 300
batch_size LI ZRFE A2 64
num_epoches ERIKEL 20

Table 3. Experimental results on MAMS-ACSA and ACSA-v2 for ACSA subtask.
7 3. MAMS-ACSA 1 ACSA-V2 7£ ACSA F1E5 LRSI 4ER

BT %
CapsNet
ACSA-CapNet
CapsNet+SQ
ACSA-CapNet-SQ

MAMS-ACSA
73.986
74.467
74.142
74.193

ACSA-V2
74.212
74.944
75.108
74.532

CapsNet And CapsNet+SQ on MAMS-ACSA Dataset

9.65
9.60 -
9.55 - )
o
£
 9.50 -
9.45 .
—— CapsNet \
9401 CapsNet+SQ
1.0 1.5 2.0 2.5 3.0 3.5 4.0 4.5 5.0
epoch

Figure 2. Time consumption of 20 epochs in 5 rounds of CapsNet and CapsNet + SQ
[#] 2. CapsNet 1 CapsNet + SQ 7£ 5 %2 20 4 epoch HIFERTIESL

3.5. JHmASCI

T HrATi ) ACSA-CapNet #BERIRR A &, BATHEAT T HmhsLEs, 78 ACSA-CapNet Al
CapsNet A5 L s 55 < bR 500 S5O AR R 24 o028, AT = 2E CapsNet + SQ (CapsNet 448 1 4% i iR %)
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FI ACSA-CapNet-SQ (ACSA-CapNet R &N 7 AR Z40) . M 3 (BJEWAT) T LB H, 8 85k i
#, Jiang 25 AHEH [ CapsNet BEREL JFAEAHEL, HERIRIEEL 2 M E M. WE 2 ATLLEH, BRI
A7 CapsNet BLRY (155 s A0S , 7] LAE HFERHE L 5 A UR R A A B R, (HAER R B 2 AT 3 T3 E .
MIE 3 ATLAE Y, 5t FRATTH2 H (1) ACSA-CapNet B AL 3E AT 455 He R B0 W Al S8 I, R BB Py Wi Slcekt 52
E e S R TR

ACSA-CapsNet And ACSA-CapsNet-SQ on ACSA-V2 Dataset

14.0 - \ —— ACSA-CapNet
‘ - ACSA-CapNet-SQ
13.8 1
£ 13.6
13.4
13.2 4

1.0 1.5 2.0 2.5 3.0 3.5 4.0 4.5 5.0
epoch

Figure 3. Time consumption of 20 epochs in 5 rounds of ACSA-CapNet and
ACSA-CapNet-SQ
3. ACSA-CapNet 1 ACSA-CapNet-SQ 7E 5 % 20 4 epoch HIFERTIE R

W RSz, BRARIRATIR ) ACSA-CapNet-SQ 2= 55 [k bR 3 J5 AH#EE ACSA-CapNet #5747
MAMA-ACSA F1 ACSA-V2 AN L AERR R A BT N, (HMITHAIE A 1 46 pR 200 A TR HE R 2R 1

=AU
4, 4518

EASCH, FAHEH T ACSA-V2, — /M TET T ME g 2 PkiEdE 5, a6 a8
BARFEEWIEMZAT71H . BRI ACSA-V2 HrlE 8 AT LU 1k 77 1 94 15 84y FHB A N B 7 2%
TEROY R, Pt TR 2 ALRE 7T, IR T BE SRS BE T 7 T (15 B AT I 7 kA, AT T Jiang
25 N1 CapsNet I FE X 25 457 o os sR 48, 5T b3 H 7 — A8 7 % & M 2 ACSA-CapNet. 5K
IOEE FAEIE, HMRROL T A B .

EIRASCHE H K] ACSA-CapNet A5 AL AT A5 25 B 5 77 T 2% SCAS S I 43 BT (R E AR 1, (FL7E S50 v 2 3
1S 245 FH () BIGRU 5 R FITE 2 (R IR i s, BEE Transformer #5578 R B, AT N — iR
H Transformer B E BIGRU A4, 253 26 Al e isf TR A XA v ) 18] 7L
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