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Abstract:  Aspect level sentiment analysis is a fine-grained sentiment classification task, which has a wide range of
application prospects. Therefore, it has been widely concerned and researched, especially in recent years, the graph neural
network based on dependency tree and the network model based on attention have made great progress. However, these
studies are limited by factors such as the difficulty in parsing dependency and the complex expression of online reviews. To
overcome these challenges, this paper proposes a deep semantic mining model (DSMM) that considers both syntactic and
contextual semantics. Specifically, in order to mine deep semantic hidden behind the syntax, the model uses parallel graph
convolution and multi-head self-attention to mine rich semantic. In order to make full use of the intrinsic correlation be-
tween syntactic semantics and contextual semantics, we used the relevance attention mechanism to obtain the correlation be-
tween syntactic semantics and contextual semantics, and we used the adaptive aspect routing mechanism to obtain the senti-
ment semantics of aspects effectively. Moreover, we introduced the semantic location embedding based on dependency tree
to further enhance the aspect-opinion word correlation. The experimental results on three public datasets show that our mod-
el can not only mine the semantic features of sentences from different semantic spaces, but also effectively use the syntactic
features to strengthen the semantic representation of sentences in sentiment analysis of complex sentence, and the perfor-

mance of classification accuracy and generalization ability is better than that of related work.
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B335 XA S 12549 . M#L T Restaurant £ 45 H:
A 258 28], N R 2 A ALE A L 15
SCB 8% A AR X PRI

(3) Twitter B4 4

Twitter 5045 48 2 9 SCROBE &1 R BB S &
6 728 VTR, ¥ KX 7E 45 Fh 2% 14 35 8 0 ot L L 24 N
P A TR RIS A A ) 6821, Hor il
grAR It 628, M SL 54

DL b 3 AN AR T i AR AR T S bR v T —



#0071

SR A e T 5 T I AT B TR L S i B 2 2313

3 TH ) B T 7 1) 15 e < T R (1) (b (0) F AR
(). Hda S 24 1 709% , IS i 30%.

(4)1FAhifabR

AR SO o T 0 15 I8 53 8 VE A 8 s ke S0 e AR A 1
e, 233 R 43 2R UER B (Accuracy) RTISHE T3t v Ay 22 1 A4 [
RIYF 538 (F -score). VEAGHEbR(E R & ( T )R SRR
PERE LS.

4.2 BHZEa

HEAR ORI 15 — U5 E ) L LSRR AT LA A
TR b p g BT TE R I AL B AL, 40 MAMN (Mul-
tiple Attention Mechanism Network ) ,RAM (Recurrent At-
tention on Memory ) %5 , & T~ /4] 4 AR 31 (9 #5141, 40 CDT
(Convolution over a Dependency Tree) . Dual GCN (Dual
Graph Convolutional Network ) 45 , LA } 3£ F BERT A9 #&
A, 41 R-GAT+BERT (Relational Graph ATtention net-
work+BERT) 4% .

MAN (Multi-Attention Network ) : MAN iz JH £ 1
TSI SR 200 P9 R U] 88 7 AL ) R 4l
BRITHA_E R SCZ (RN [DRL B Y A2 BLAR B

MAMN (Multiple Attention Mechanism Network )"
MAMN $2 1} | —Fh B A Z S ALH 4 B R ey
5 A 22 6] A2 AR L AT 7 T U AT 5

RAM (Recurrent Attention on Memory)"*" : RAM iz
FHZ B R ML 452 2] ) 130 5

TNet (Transformation Networks)"*? : TNet ¥ % [i]
LSTM itk AFe46 A5 e HARRIHR A, IF08 1] CNN 42 it
LR AP T I02

CPA-SA (Sentiment Analysis with aspect-specific
Context Position) ™' : CPA-SA it T —Fh 2267 B 1Y 1 7
BLHI AR 7 R | SCZ [R5 H

CDT(Convolution over a Dependency Tree )'**': CDT
F RS 19 GON 2% 2] BAA A5 B 7 TR 5

BiGCN (Bidirectional Graph Convolution Net-
work )1 BIGCN fff FHTJ2 Yk Pl 45 4 2 4 1) L LA B R
HRAIER

InterGCN (Interactive Graph Convolutional Net-
work )" : InterGCN I ] GCN ZEH AR |27 > BLA ik

FRIY T RS 5

R-GAT (Relational Graph ATtention network)'*': R-
GAT 2 1y 1 — 1 1] J7 1 A MO 4574, 2R Jm FH oG &
GAT & i 37 AR AR 5

DGEDT (Dependency Graph Enhanced Dual-
Transformer network )" : DGEDT i i1 Bt & % J&F I 3¢
N FNEE T 7R, 4 T — A ] i Y X [e)
Transformer M5 ;

DualGCN (Dual Graph Convolutional Network )"’

Dual GCN B T — L] 4 AR /0 45 4l 307 T AL R 5C

2N

Hoh

DualGCN+BERT (Dual Graph Convolutional Net-
work+BERT)"®" ; DualGCN+BERT & fifi FH i JIl 2 1
BERT U B LSTM A h 4t 45 1Y) DGEDT #5141 ;

R-GAT+BERT (Relational Graph Attention network-+
BERT) . R-GAT+BERT J2& fifi Jil #i J/Il %k BERT /1) GAT
A
4.3 WMESHIEE

AR HI BERT Tl I 251 768 4t ) w5 A A ial i A
fd FHAEE B9 LAL-Parser” > X 4] AT M e A , 22451
BARE L s AR S U, IS AR b SF Y MERE
e Zrad B, R LT S 2% ) F (=
0.001) , #L K /N (bs=128) , dropout (0.3) , ¥ & J1 3k (h=
16) , r=4. FATHE I A 5256 il - 46 2% ) 21 Adam
HiAbss ) 31 204~ epochs f3 11 .

4.4 EEIXFLLER S

DSMM Fil J 25 #5700 75 fE i 32 (Accuracy ) Fll F,-score
P SEBG 25 RN 2 Frow IR A o e A 4

A SCH B9 DSMM 45 % 7F Restaurant , Laptop il
Twitter 5045 45 I A9 UG L0 T AT 56 T 18 2 ) 3k
TAPE M I XA RR ] DSMM A &R 5 1 )
DA AR SUE B S A B AR IE e E 2
P8 B B B 1% B2 . DSMM 5 56 T 1 75 1 i 5 vk
A RAM . TNet . MAN . MAMN Fl CPA-SA A Lt , DSMM %
TR ) e AR A ST BRI 2 [ AR G 2R 3 2 skt
o T HEEALE S AR MRS T, U5 T AT RE
[ RE T J2 80, DSMM P BEB R T BT A3 T A0k i vk
A BERT 8977 5, W CDT . BiGCN .R-GAT .DGEDT
R-GAT+BERT . Dual GCN+BERT %% , Hi 3 13 Ff 30 2 (1) J5
K Z —J& DSMM 52 BULE ) R Ak B il i A ) o B 32 45 T
25049 BERT. ok, DSMM {ii T} MHA #1 GCN B¢ 445
i) F 18 AR B, IR R BB A8 2% 2] B 2 Hh 42 1)
AR R R, 7R T AU 0
MAMN M RERBURAS B T H e A M TEREN
BLI R 73k R T R 43 T ATk 5 i . A3t
JRPH, — 5 A5 25 F BERT#ERL, 55— i, e £ &
T R ML A A5 T A K I A R AR e TR 42
i, AE F T 2200 T PR 2 (] 1 SCRH DG , o AR 4TI AR
K BB DSMM , 7EERR R F5 br b AL R D (6 358 3 3k
T /A) e 95 ¥ 40 Dual GCN+BERT. 78 3 T4 v 19 )7 12
1, Dual GCN+BERT M B8 % T A £ , RE R BT A 2L TiE
BRI 32 PR R L S R B IR ik A A T P
W2 BB AR s2 ), FRE 2 R R T LR SOE XUE
B E B AR — 7 IR R I 2 SRk A
IEFR B IR, AR 58 A7 80, Bt LATS SR oK fe i it
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R2 INMAFHBENIRER i %
- Restaurant T Laptop 1 Twitter T Souree
Accuracy | F-score | Accuracy | F -score Accuracy F -score

RAM™ 80.23 70.80 74.49 71.35 69.36 67.30 ACL 2017
TNet"*? 80.69 71.27 76.54 71.75 74.90 73.60 ACL 2018
CPA-SAPY 82.66 74.41 75.18 71.50 — — KBS 2022

MAN®2 84.29 71.36 78.21 72.98 76.70 72.41 Neucom 2020
MAMN®! 86.52 81.57 81.35 77.83 76.59 75.27 KBS 2021
CDT™! 82.30 74.02 77.19 72.99 74.66 73.66 ACL 2019
BiGCN!"" 81.97 73.48 74.59 71.84 74.16 73.35 ACL 2020

InterGCN®” 82.23 74.01 77.86 74.32 — — COLING 2020
R-GAT™* 83.30 76.08 77.42 73.76 75.57 73.82 ACL 2020
DGEDT?! 83.90 75.10 76.80 72.30 74.80 73.40 ACL 2020
R-GAT+BERT™! 86.60 81.35 78.21 74.07 76.15 74.88 ACL 2020
Dual GCN+BERT'" 86.91 81.16 81.40 78.10 77.40 76.02 ACL 2021
DualGCN' 84.27 78.08 78.48 74.74 75.92 74.29 ACL 2021

DSMM 87.82 83.21 83.84 79.54 80.01 78.83

V" FORTE ARG AT A TP AL AT A TP ST 2K
DSMM. BtAk, 76 LAY hr | il RAM AUl FH ffj B 7
BRI CIZ M85 F , R kA e R REANE .
T TNet B 17— H AR Fe 4 g nf LS 4f s B
PrAe EVAR W B B ] R, MEBE RS O T RAM. 1fij CDT
F AR AR 55 o 25 0 2 B U SRRRAE 27 2] PR BRI (UL
F RAM Jf HHE BT 5 2K A9 BiGCN. T8 (B 75 7 2 A0 2
MAN 88 HH B T ZALH A48 25 T H I it
SREME A FH 3 AN S 8 Gt A0 2 J 22 SR AR SCRI TR 1)
B . B, MAN (M REOL T 2 B Al . L+
BERT AU !, 21 Dual GCN+BERT AW A 1 i 56 1l 25 b
) BERT ZE45 0046 Tl A, 380 FH XL ) A4 P o A T) Asf

VLT T 30 0 Ak 5w Jil R0 S B MR R AR 58
. iJE ARk E MAMN, R-GAT+BERT il Dual GCN+
BERT 7E 548 4E Restaurant I 547 M REAH S , (H &
FES NI L PERB A 228K, JE U2 Accuracy 45
SIS UE AR SO P ) A 4 R A i aE

A B e A AR I LA R A, (ELIS ) F Y Al
S B AR O S M SRR AR . R T IR AT R
HR I B S R AR S I A S Y SRR AR AR AR I
YRit ] AR T XA o T AR A iR
TEAR ) 1 40 31 28 Nvidia A100 GPU il ZRiry , £ Fh 5 ik
FI TSN SR ] AN 2 3 o | KL 25 26 m fe fiL 25

R3 INMAFHBE LEMAENITERE A o5
. Restaurant Laptop Twitter
i 51
Total training time Total training time Total training time
RAM™Y 60.4 47 98.3
TNet*? 175.5 93.7 2533
MANP4 139.1 75.6 175.8
MAMN®! 145.3 91.4 201.6
CPA-SA® 80.5 53.2 131.4
CDT™! 122.4 72.8 156.5
BiGCN!! 5220.3 2802.3 6 054.1
InterGCN™ 5100.4 2721.7 6410.3
R-GAT™! 8 900 5430 13 320.9
DGEDT"! 6354.8 4002.6 7103.4
Dual GCN!™ 138.6 102.5 259.8
R-GAT+BERT™*" 11720 7 850.4 14 032.3
DualGCN+BERT!" 189.4 133.6 3235
DSMM 176.6 103.6 260.2
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P3G RR I BRI 5, R T A AR A
J5 U ZRit (B) v T T I HLE 0 . o T
AR Y Ty T T B R AT IR R AR OC &R T B AT K
I I] . AR SO 9 A I R ) AR e T R A
FHEBE I Ik HJE  7E Accuracy Fil F -score £ fE I
B T HARFY, F B, B T CDT #1 Dual GCN J7 341, H
YR (IS T A 56 A0 AR 1) O 45 RE T BERT
#9J7 ¥E . CDT ) Bi-LSTM 2B % b F Scim AL, I8
GCN JZ #E — 4 B4 58 % A, Dual GCN fifi FH 9 A4~ i 57 (1)
GCNs 3fe b BA) 3 A SCRIR, B X W RP 7 ik 1l 5, AR
SCHT B T FH 2] GON BRIUR) I R AiE Ah ik 8 T £k
FER RS BALH], B TR A R (HE A
SCOT A A RS AT AT 55 R AT UEAT T HAL B, I 2k
B fE) R KA T B S FAJTE AL T BERT W 7%

W SRR RE AR SO R AE 3 B 4 Y
RAREEE T A BRI o E Laptop b #ERf %68
Tt % B AR 4 0 L 2R B ) 2,449 , [ i 1T 5 1) 4 T
22.46%. 1E Twitter |- 1R 28 8 o3 38 I A 4 i) FE R A5 A
2.61%, | 2 6] 45 %5 T 19.57%. 1 Restaurant b #E
R R A BB 0.91% |-, YRt [a] 4% T
6.76%. Lk I 455 5643 iE B AR SCO7 ¥ 4 Rz 1k
P, I HA BT 1200 AT

4.5 HEAXBESN

T B DSMM Hr &~ 2 R 43 1Y) A B B A
L ARSCHEAT T T Z AR S . 45 3R 4 s i
LTRSS R, GCN+Capsule /2488 17 GCN ] F
rh B IRR] ] SCHRRAAE L 7 M RRAE IR HE A S A, PR A
325 L5 THL % E AR MBUCRR S8 T8 bR SCHE S B ) A
X AEE 7 T BT CFRAE , E— 2Dl i Sy RS 2 AT 1
JET . MHA+Capsule 5 GCN+Capsule A8 Hb E—ZF 1L AY
R FFIE SR 73 H MHA BUR, LB R FEAZE . GON+
position+Capsule JE1E GCN+Capsule FFERE 51 ATE LA
A TR A AR R 7 TE PR AR IR . MHA+posi-
tion+Capsule &7 MHA+Capsule B9 3Eftl_F 51 AdH A7 E
X A . GCN+MHA+Capsule 2 FFESE BG4 FHIFATHY
GCN I MHA 145 77 XU 37 8 GON sl 7 1
MHA J750. R4 TT LAt DSMM B8RS e 22 SE A4 4
Restaurant . Laptop Fl Twitter I #RARS T HeAEMERE . GCN+
MHA +Capsule % MHA+Capsule Fll GCN+Capsule 1M 5 14
AEAS 2 1 KR B2 1 $2 71, 58 B, Bk GCN #ll MHA
A B A AR 3] ] S I 1 SRR T HL R % PAAS )i S5
(] T B 42 4 ) 1 B TR S22 0 SCRRIE , i Al 1AL 2 > &
Fe ) Tk T S B RYRE ST . A 18 AL B ATE
5 GONWYALE b PERE ST BN 35, 3 vl e S 1r) (o #
SO ) 1 BN AR, 15 BB 1 5 R SRR

F4 HBMXRLER B L%
- Restaurant T Twitter 1 Laptop 1
Accuracy F -score Accuracy F -score Accuracy F -score
GCN+Capsule 79.40 74.05 71.12 65.31 72.31 68.54
MHA+Capsule 82.60 75.12 74.96 72.68 75.01 70.23
GCN+position+Capsule 81.94 75.49 75.16 72.35 76.91 71.53
MHA +position+Capsule 82.68 75.12 74.97 72.77 76.99 72.10
GCN+MHA+Capsule 86.89 82.27 79.59 75.68 82.98 77.88
DSMM 87.82 83.21 80.01 78.83 83.84 79.54
4.6 BMETIHER R T S R
S T WESESEHERS (45 3.2.3 74 ) rh v SRR B 7Y wl e | ]
TN R TR E A P B 52 M, 7E Restaurant 1 Laptop e al ’/" "'\,._._._.\_\ ]
S L REAG ORI B DSMM BTRL . W 4 s AE T fo T e ]
Restaurant , Laptop il Twitter I ¥ [ {8 43 %] >~ 0.1,0.15 E‘ ,/'). = %
MOASIBURRBLR S . —rm . gt b V0 0 T A e ]
S SR £33 B MR £ LA P TN 5 5 — i, w°0 7 T Nemee ]
RRCR 2RSSR RS ERs. B S L '
WA 5 B 2 R 3 DR A TR 3 T ST Lol
9% , AW L A4 45 B RE B A > 40 ol R P ) 52 ), A5 5 nr 7 1
U B2 A A, (LA e — X B i b ]
s JLFEM 0. 0.00 0.05 0.10 0.15 0.20 0.25 0.30
B fi

4.7 LHIARSH
T RO Hb T A DSMM AEE 75 A H g AR5 R 14 1

P4 TR P A (RO P RE A R
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P, AR 3G i J LA 52 B S 7R A R R e 9 45 R 2 47
I3HT S, BRGNS 5 B . v B I A R
AR 3 FRH R A I SR 5 AN SEBR SR 1k A B

£E Laptop . Twitter Fil Restaurant. & BERCAT 1Y 3L T 13
AL MAMN AL 025 M A9 Dual GEN
A7kt A7 A

#*5 FEDSMMEHE 5 MELER FHRAIMR

. BT | SRR KT Hr A
Fe | JiH GES
etk | DSMM | MAMN | DualGCN
1 fan the i3 processor doesn’t seem to run hot and the fan rarely turns on. U | B | TEA At
It could be a perfect laptop if it would have faster system memory and its radeon 5850 would have | - -
2 | DDR3 ) B | | BB | TR
DDRS instead of DDR3.

3 color Perfect, got, verry stylish dress, but expect one with better color M| TE | TEA TR
4 | protector I bought a protector for my key pad and it works great :) R | R | R I
service Oh, my God, so delicious pizza, but wait two hours, expect good service T | JEM | TR AL

FEF T 5 A ] T O A B A
i), AT Hew B BRI i, S BN R Ak NG
L, MAMN P B I - 1 8 ) (B e 2 2 vh 4y
B b AT SR AFAE — 2 B PRIME , Qn 2 491 1, A AR 0 OC 13 Tgl
VT LA “hot”, 5| & e F IR H] . AN, BRI
K Z 0] UAE—A 7 T 5 e n) 2 (a7 AR AR L (H
FE T P IR L Y 52 2% ) vh T 5 00 1 e s O 5 1)
Z A2 sy ORIk, AN 9 3, Oy 1 iR 5k VT 1 4 34 1)
“better” JHK , 4 5 7, J5 T 18] -5 AH AR A9 “ good " HEST. B
PR 0 S BB AL R . 5 ASZE 9 AR SO AL A
4R g AR, 25 1,235 B R W], AR C DSMM
BEAY T 4325 8 T A R AR RS SUAF B 0 BoAME |, L H:
S L P I I i L (A5 A5 R AN [ ) o SC
25 )V B2 A 4K /) RO SCRRFAE , TT A RAL B AT 2% 1)
IR

5 it

% e BRI 1Y B v 3k FEOY A Iy
BT B AN 2 ) Pl A, AR SCIR T T — AN AR R DSMM
SR it T R TR W P fE . DSMIML R FH 19 5 V11 5
I BERT #5808 400 46 Ak 1) i A, i 75 H: b Word2vec
5 Glove 25 % J11 7 i W 4F . 38 3 GCN Al MHA F-47 4%
TBUAR] R A0 AR R I 48 I 4% CNN R AE 32 B B, IF:
HAERZ RS TRBEEE D, B8 FEEiE X
FEAE 2% BRFAE IS % . 78 07 MG R $E 2 # A IS
DN 5 ThT % P AL AR AR 7 TR R SCARAE  BRS A
Oy A 2 AT SRR . SL G A R R A A Ak
T 184 Hr T, DSMM A5 1 ] LU MAS [R) 3 S5 [a] 42 4l 41
T 08 SCRRAE , 45 A =F 5 0 A 1 E A5 20 4 7 1
B I8 CRAE PR RE B R B TAE TR, R
ke, B 22 in— LA B A B T B £ fil A AL Al
B L2 AN LRI S I A A R P M
AT 5 RO A R R T S, R A A SR T 2 g 3
Wk

B B 2022 F LETIRE LA RS FHRAEREB o i
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