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Dual Feature Adaptive Fusion Network Based on Dependency Type Pruning for Aspect-based
Sentiment Analysis

ZHENG Cheng'? .SHI Jingwei'"? , WEI Suhua''? and CHENG Jiaming'

1 School of Computer Science and Technology, Anhui University, Hefei 230601, China

2 Key Laboratory of Intelligent Computing & Signal Processing( Anhui University)  Ministry of Education, Hefei 230601, China
Abstract Existing models use graph neural network based on dependency trees for aspect-based sentiment analysis, which im-
proves the classification performanceof the model to a certain extent. However, due to technical limitations of dependency par-
sing, the inaccuracy of the dependency parsing results leads to a large amount of noise in the dependency tree, which makes the
performance improvement of the model is limited. In addition,some sentences themselves do not conform to the standard syntactic
structure. Previous studies utilized syntactic and semantic information with the same confidence level without fully considering the
difference in their contributions to determining the polarity of aspect words, resulting in poor model performance on the corres-
ponding datasets. To overcome these challenges,a dual feature adaptive fusion network based on dependency type pruning is pro-
posed in this paper. Specifically, the model uses a novel hybrid approach, named dependency type pruning and adjacency matrix
smoothing, to mitigate the noise generated by dependency parsing. In addition,the model fully considers the availability of syntac-
tic information of sentences through a dual feature adaptive fusion module to combine syntactic features and semantic features for
aspect-level sentiment analysis in a more flexible way. Extensive experiments on five publicly available datasets demonstrate that
the proposed method significantly outperforms baseline models.

Keywords Aspect-based sentiment analysis.Graph neural networks, Dependency type pruning,Dual feature adaptive fusion,Deep

learning, Natural language processing
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7 TR I3 26 1 bRt 2 20 B food” F ¢ service” Y 1 gk
AR TR I3 S AR R A . TR0k O T ) 19 AR A 26 v Y 2
2 U A Dy T 3R] 55 FG X O A L R Tk BB R R Ok L R S 2
T 2 A5 R

Great food but the service was | dreadful !

1 NN CcC DT NN VBD 1 NFP

P17 % ) LT RO D
Fig.1 Example of syntactic parsing noise
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Zhang ZEU TR T — D AR N AL B 46 S8 Ao A Uk A AT A%
75 B 1 A0 B R 2 L 1 T R Y 1 T SCER R . ASGCNM!Y fifi
H Bi-LSTM 2= 3 A1) [T SC{F B 1 I 36 4] 7 4 i 11
PR3 R 45 180 Dy b Al 3R T ) DGR R 56 AR AR B . AR,
T4 A0 T e BT 7 VA AP AE R 7R . E IR BB IR AR Y TR T L AR
X 1 Bl 300 1 45 T &) F “Great food but the service
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Fig. 2 Main structure of DFAFN based on dependency type pruning
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HEFE  H oo il — 25 RS TR IZ T UAE B RIERR
3.2.2 RBERFTH

ARG A W R R B N R T T TH iR
A S0 o T O AR R 43 S T A DG TR S O T ) AH DG 1 SR
A ARG it AT 23 51 A 5 T T 1 I D P G S PR AR 2K R
4] F AL A £ AN D TR B S B4R i 2 A IR 0 D T 3
AR G 0 W A5 1) T R R O, S BOME R T A R . B
TR AR R BT 2 SR AT LR b B B AOR UG B T B
TR R AR B 5 AR RS 2 B T — S X TR R
18 B AY 2 A AR A 28 B K R R T SE A O T ) R sk

TS R T AN A (8 AR A AT 1 R 2 A5 L AR R
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MR R 38, F—H AT T A% AR EAT, 5 4n
AR “root” MIFR B A 5 “punct " AEMK B 2E B, AT X T O T
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MRS AN B B G, 30 B RO A 56 R 4 3 0 4% 1) A0 5 HC X
B4 1 170 451 4 4% 18] 2518 “nsubj” FIE 45 1R 1 1 “ amod 7, 52
B L, T8 ) 0 03 sk S A o 24 A B 0 A 1 i R R . O
S C Rk R A B AT 5 R 0 RO S R B SR AL i n
PR 3] < e RN FF N AT M i xcomp” s FR AR 1547 F 19 3 B
P, RIBTHAREAATETHRBRAE, 25,14
H—A IR B R L. MM 8 5 K 5 mE 4o
TS A PRI R S BRI EW A b4
ESR KIS BUA S IN R L . SRS KRS B R C R AR
FSAY 5 F e — AR AL B BB AS B T T TR
ZHREBEERINE L b, oAb, X T ) ik 45 R LAY Restau-
rant(14Rest) Fl Laptop(14Lap) £ 4, A T A2 21X F & 4134
T8 L 0 U AR R S 1, o Yo 3 7 A B SR AT B BT AT,
A BEAITE 14Rest M 14Lap F0HE 4 1 19 1 BE B B L A4
91 24 AT ) o A B e e e A SR BRI E] Lo, 3XOFD B A
SRS BEIC R A BY A SR W LT X T A vk 45 A TR AL 1Y Twit-
ter BCHE AR T B0 HL Y A L 3 R DY A SR m B Sy 2k ST BT A
W ANFEEEEN ITURIRB O R K BF R LIk 2 i
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Table 1 Groupings of dependency types

Grouping Dependency type
A (pad), (unk), ROOT, root, punct, dep, nummod, nmod:
tmod
B nsubj, amod, advmod, advcl, neg, acl: relcl, acl, appos.
nmod: npmod
det, case,nmod, conj, cc, cop, dobj, compound, mark, aux,
c nmod: poss, xcomp, ccomp, auxpass. nsubjpass, com-

pound: prt, parataxis, mwe, expl, csubj, det: predet. iobj,

cc: preconj,discourse, csubjpass

F 2 BIREMITIRKBIIZEASIE L

Table 2 Redundant dependency type list L of datasets

Dataset L

(pad) , (unk), ROOT, root, punct, dep, nummod, nmod:
14Rest &14Lap  tmod, advcl, conj, parataxis, nmod. auxpass, aux, mark,

explsxcomp

(pad) , (unk) , ROOT, root, nummod, nmod: tmod, punct,

Twitter dep,advcl,acl, appos, nmod, compound, expl, mark, para
taxis,ccomp,ccs cc: preconjsauxpasssdet: predet
3.2.3 ARB4EME-FIR

Liu 0V HE bR 280 10 AR W] 52 0 78 B s B i A T —
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IR o X R AR B AT DUA RO 2 % GON Ay 3 - 18 5% ),
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H.)\ = softmax(H,,. Hiw ) H 4
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CalFeaSim(X,Y)=—"——+0.5 (5)

Horp,o My, s BRSARNIER X MY M5 NI .d
SERRAE ) & 09 48 . % Ho M1 H, 2180 R LR 2 AR
SimdHoHa s H, F1 H,, 22 18] {4 AH LR iC /E Simd HsHa,
J& s DCM B T RIOR UL 25 5 15 31, V8 S 6 ] o R AIE A
FRIEMAE R, X — i B RR T .
Sim4 HoHa= CalFeaSim (H} " , H2w ) (6)
Simd HsHa=CalFeaSim (HZy" s Hi ") 7)

DCM= /SimiHoHa X SimA HsHa )

53] DCM JG KK ¥ Hoow B Ho, i A 45 TR B2 ) 25
(Convolutional Neural Networks, CNN) 3 41 B J5 1 18] 45 5 (19
JR AT S . R R R D7 TR R BERE th CNIN J2 2% 20 31 14 i
) 2t P 9 AR O TR 3R o, I O R O T I R o8 AN B, 43 5
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4.1 BIRE

R T VEAR B B PR AR SCHE LT 5 AN A T Y B AR
ELEWAT T REMEZE. Kk A SemEval 2014 Task 45 {4
14Rest Al 14Lap ¥ £ .k H SemEval 2015 Task 125" f§
15Rest i34 .k A SemEval 2016 Task 5% 1 16Rest %k 4
£ KK H ACL 14 Twitter dataset™" § Twitter 3445 , 3
BEAT T B 7 IR AR A I 4, 30 R BN 4 P Y A
FE AR TE T IR R R I A . R BR T A A
A conflict” 15 AR PEAR 48 1 A1) . 3 S0 4 19 e i BE
mZ 3 s,

35 M IEMERIEERSIHE R

Table 3 Statistics of five benchmark datasets

Dataset Negative Positive Neutral
. train 1560 1561 3127

Twitter

test 173 173 346

train 807 2164 637
14Rest

test 196 728 196

train 870 994 464
14Lap

test 128 341 169

train 382 1178 50
15Rest

test 328 439 35

train 709 1620 88
16Rest

test 190 597 38

4.2 3fLb:kIw

T BE R R A R e Bk 5 B B EAT T R
5 R LR R AR AR S SRR, X SRR Y A DG A
AT .

DATAE-LSTM K HERE ALK FIA LSTM H, Se i 4

W ETXEE.
2)TANPT 5 53 28 B 28 9 45 2 2 Ty i B R SCRR Z
[F] ST R

3)AOA-LSTM" i 57 Attention over Attention( AOA)
PR A2 32 ) Bi-LSTM Az 5l 1 B i J2 3 51 L 3 SC A
FFHI .

DOPWON BER T — LU0 AL A B 45 o I ff 4] 9% figt
Hr g 2] 25 B, R i 25 18 T AL FE R A B B, UG
S5 RAEB T AR AR BOXE T 07 T R A AT S A AL

5) ASGCN F] ] 4 /) 7~ MM Y 1y &1 25 R I 6% it By it 3l
BT AR BN BE 1 BRIl AROR

6) BIGCN™ gt vy T — Fh &5 & J2 ) ¥k AL ] 11 7
W 2 S5 4 , A5 Sl A T IR L LA B A IR S S .

TYR-GAT X4 Ht fft A7 45 20 9 4 A48 208 4 o 20, 5 4 ) Tl
TE 2 W 4% (Graph Attention Networks, GAT) % % A 7] ) 4K #ii
FAE A

8)BSSCN #2 1} 7 — b 245 i 1 SCRI ) 12 T 00 90 2%, [] B =%
BT AEE R MG UFE.

9)BERT-SPCM J& — Ff 3% F Transformer A4 B[] Zi £5
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A 2 AR IR T AR L SO IR 2 U SCRRIE EA T IR A 2K

10ORGAT-BERT 5 R-GAT A5 8 484 A [ , 1E ial 8 A
4 FA W 2515 5 A5 5 BERT.
4.3 BSHIEE

XA B S Al BN ZR 9 300 4k Glove in] 4] 4t ok
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50 1 100, Bi-LSTM 1l GCN A B 80k 25 1) £ 4% 2 43 51 24 100
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LSTM.GCN FIvE & J7 8 e iy B8] ) &, 43 5046 FH 0. 6,0, 2 Fil
0.2 Y dropout. B A9 T &8 i LAL-Parser 4 32 fi A7 4% fift
M. BRI T B REBEE M 0.2, L2 IE WAL T Y 2 B A WX E
10t AR HE [ SF WS W AE 14Rest, 14Lap Ml Twitter 1 it L
{E 4393129 0.002,0.05,0. 1,432 V18 RE o 0. 05, ffi 2
2JFHy 0.003 f9 Adam tEALER VI ZRAE T, DFAFN R 7E 30
> epochs I 2k, HLIR K/ 32,
4.4 FEXLWHER

AR SCAH A IE B 3 (Ace) 22 W F1 435 (F1) A Sy 458 8 1
FERYITM 8 bR . EESLIR L5 L3k 4 FT% . BSSCN 7E 15Rest
H1 16Rest 1A~ K048 45 I ol /0 45 S 00 B PR JE: 32458 784 1) 1 2 7
Ve SCH A HR AT LA Ok B B A ARG, FLIZ B R AR Twit-

ter,14Lap Fl 14Rest iX 3 AN ¥a 4 L AT 7585,  F IOk
SEE, FRATTAG AR SO A S 46 25 IR S T R, 5 H A
HRUAH Lb , DFAFN 7E 48 K 22 80800 45 FIT #4645 1 #0 BO A
THEAFRCR . AN BR T DFAFNLR-GAT 3% A ffi il A3
it AT A5 300 1) 50 AR AR o 5 LAl A AR R ART 174 4SS AR A
Fo R-GAT 1 Twitter il 14Rest B0t 45 WS T 95 4F (4 45
B, R B 2% T )05 B S AF B BSSCN 7E 14Lap
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T A SG B A5 6L o AR X MRS 247 D A L 7E — B AR B
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Table 4 Experimental results comparison on five publicly datasets

Models Twitter 14Lap 14 Rest 15Rest 16Rest
Acc F1 Acc F1 Acc F1 Acc F1 Acc F1
Models with Glove
ATAE-LSTM 67.36 66. 45 68.57 64.52 76.78 67.42 78.32 60. 47 83.78 61.71
TAN 68. 56 67.55 71.10 65.93 76. 84 68. 35 78.67 52.79 84.32 55.02
AOA-LSTM 71.68 69. 25 72.62 67.52 79.96 70.40 78.27 57.09 87.37 66. 62
PWCN 72.03 69. 74 75.78 72.02 80. 87 72.19 78.78 61.57 88.32 67.21
ASGCN 72.66 70.53 75.47 71.03 81.27 72.96 78. 86 61.89 88.79 67.35
BIiGCN 74.16 73.35 74.59 71.84 81.97 73.48 81. 86 64.79 88. 96 70. 84
R-GAT 75.77 73.87 77.26 73.64 83. 30 76.12 81. 36 64.55 88.98 70.92
BSSCN 75.14 73.27 77.74 74.21 82.59 74.22 — — — —
DFAFN(ours) 76.66 75.31 78.96 75.60 83.56 76.60 82.03 65. 89 89.42 71.36
Models with Pre-trained Language Models
BERT-SPC 75.46 74.21 77.59 73.28 84.11 76.68 83.48 66. 18 90. 10 74.16
RGAT+BERT 76.35 74.87 78.17 74.27 86. 62 81. 36 83.27 69. 82 89. 82 76.65
DFAFN+BERT (ours) 77.21 75.39 79.42 76.82 86. 38 81.79 83.77 70.21 90. 53 77.56
T 7 R S A D B
4.5 HEXR I8 2 4 I S Y A 5 iR U R AT 1) MR T T I A R

ST 8 UE DFAFN HOR [ 40 14 09 8 8001, AR F 5 itk — 25
HEAT T IH A ST . 40 DA D B R R v I A4 R 2K R B A (P
w/o DTP) &R 4550 B -1 (B w/o AMS) FIAK 361 5¢ R 8 (5 &
(B w/o DCM) , g 5 R 5 fr g, — S ME L5 R R .
TG s I ST A AR AL 2 B AT ] 4 A L AR AR T R 4R Y
O RMEREER S T e, X — 25 R WL, 3 AN A S o AR R M
HEEAEH . HWR, SRR DCM i, 45 58 78 K £ 5048 b
[ 1 2 B 2 e 22 1 L U I T AR A0 A 95 1% B A0 B B4 A
MR ) AR BN SUAE B X T ] 17 8% 0 2 e EE Y e
HE o WAL, 25 R AR 6 S A B A A0 AR 45 S B O 1, R AL 7
Twitter BHE4E L7 7 &5 ™ B BE T M. X R 45 R
B K Twitter B85 ANAF G bR e 09 ) vk 25 0 L 460 /) vk
e T A5 80 1) 4 SR R 7 A R A R R L SR B T RIS R B A

5 HMELImER
Table 5 Experimental results of ablation study
Twitter 14Lap 14Rest
Models
Acc F1 Acc F1 Acc F1
DFAFN(CorD) 76.66 75.31 78.96 75.60 83.56 76.60
w/o DTP 75.48 74.75 78.01 74.72 83.20 76.38
w/o AMS 76.22 74.46 78.32 74.55 83.30 76.08
w/o DCM 75.78 74.68 77.74 74.21 82.75 74.57

T w/o"Rm E BRI —FEE B

4.6 AEE#EEMIT 14Rest F1 14Lap BB EN BT

TE XoF AR AR v f 4 A5 2 T S AT 5 A I R T AR A A 4
B AL LS M 14 Rest A 14 Lap B8 4 SR BUT 16 A 5 A SR
AT 75 0 T 7 3 A B SR RIS A U AT IR R,
T BRI G Y A% SR W 09 I A % L X 14 Rest Al 14 Lap £t 4 4R
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53 B AN ST BT RESR WE . 3 6 S TR AL SR T AN AS (6] 1Y B
AR W ) 0 FE SE B 5 SR . 5 ST 0 R W A EL AR IR
3 B A HEWE AT LA B A 00 2p SR BE . 7 A X R TR A9 45
¥4 JE R 2 o 1 U 4R ) 5 R AR DL B IR 0T o8 P IR 45 B A SR
W T LA 45 7 I A AR 7 X A s 4 B Rz A B T AR
TG BT A TOARAR M G R AT R

%6 R GRE S AE 14Rest B 14 Lap BOHR S 1 1092 50 55

Table 6 Experimental results of different pruning strategies on

14Rest and 14Lap datasets

§ 14 Lap 14Rest
AL K
F1 Acc F1
5L A 78. 80 75. 36 83.38 75.82
RKAEWK 78. 96 75.60 83.56 76.62

4.7 BBEENTREBER ST

F 2 SIS R, 14Rest&. 14 Lap BUHE £ Al Twit-
ter $UHEEEA TN E O R A B ICAKBR MG £, R
T — 25 0 9 A A R 28 TR BOHE 4R 2 I B 56 AR G it B
14Rest& 14 Lap ¥R £ F1 Twitter 30 £ 19 TC 4% 4K #1245 71 51
FEORFATHII L, BARRSLREE R NE 7 Fryl., LR
W DFAFN FA5 R 48 450408 42 6T R 119 70 4 4 0t 288 7 5] 3% ik 47
IR A BE 3K A9 B R M RB. LA, AT LU B, Twitter Lo
14Rest& 14Lap $u4E 4 HA F L M IT A KB 2E R, H Twitter
bt 14Rest&14Lap S £ MBR T 50 £ 40 41 C v py IR M 28 2L,
HK  14Rest& 14 Lap Hl Twitter $ 546 A0 L 1T it 8 50K 20 21
B RO R TR N B AR IR A b, PR AT — 45 R
FEA WA . G B BT R SR W EG ST B R R

. o
G (o o e e gt

. G
G (o ot e e o

BER UM . R Twitter B8 4 7)1 S5 4 1R L 8 2 M BR 7
T 3] 76 S H4) 441 25 280 T AT M) A 280 4 0 TR ) AT O B RS
MI7E 14Rest& 14 Lap ¥l 4 od B2 57 £ AT B 2 B8 0] F 19 41 1k
B, DTS B0 T O i AW A R R Rk . S5 8
UL T 5 A B AR 2 BRT LE L EL A B A O AR A MO 2 A
X 4 IS TR 8 R T ) 4 1 SR A A O R A AR

F T OBURSEMIARE M ITAR KL RIS R L 1Y S 45
Table 7 Experimental results of different redundant dependency

type list L on each dataset

! Twitter 14Lap 14Rest
Acc F1 Acc F1 Acc F1
L(14Rest&14Lap) 75.92  74.70 78.96 75.60 83.56  76.60
L(Twitter) 76.66  75.31 78.48 74.70  83.38  76.46

4.8 SREEIERETFTML

ST B B b, R s R 5 I T B A R A0S 3 B T T G 48
LB B S ) A SO AL T oA 2 MRORT 2 R B K R B 48 4
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AR PR E 3 Ca) TR o JBE R 1 408 42 46 B e T ) 0k A A 45
V14 AR T 17 A7 W 75 481 40 food ” A “ dread ful ” 22 il A 4K i .
MR 288 B B AR AN (0K 3 o M 7 S BR L 8 K R TR XS T 05
i) 4 A7 SRR P O VAT BT RR R TU AR B W 3() R, I
Hb T HE— D 1 I R B R M B I BB G 3 A 1 A ik
fERT R 25 R FRATT AT AR R A B HEAT TR WAL, PWE N
LRIEFE AN IE 3 (o) T . 7E T8 Bl 52 56 o AT 1Y K & 5E 5
TE W] T AR 218 B 5 Al R0 48 H2 48 [ S W X 28 A% A 12 A A I
A ROHE .

. G
G (o e e s o

Great

service service

was was

dreadful
!

dreadful
!

service

was

dreadful
!

(a)Original adjacency matrix

T« B BR  FRR OB T

(b)Pruned adjacency matrix

(c)Pruned and smoothed adjacency matrix

PR3 R SIS A6 B A 08 452 I - T X 408 e R I A e R Y 5

Fig. 3 Illustration of how dependency type pruning and adjacency matrix smoothing contribute to the adjacency matrix
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Table 8 Experimental results of case study

. Prediction
Dataset Review Label
IAN ASGCN DFAFN
LR Greatfood but the service was dreadful (P,N) (N,N) (N,N) (P,N)
4Rest
Kenny is always there and he treats my family like we are part of his family. P P O P
a1 Tehfeatures are great,the only thing it needs is better speakers. (P,N) (P.P) (P,P) (P,N)
4La
P 1 can barely use anydevices because they will not stay connected properly. N N O N
Twitter Why the hell do i followbritney spears on twitter ? O O N (@]

R J7 A R R R bR s R PN AT O 43 5 2R B L TF AR 5 Prediction™ S A8 R TUIN A 25 51 5 Label ™ J2 77 11 7] (Y FLSSAR4E
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