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Abstract: Aiming at the problems that there were the lack of explicit sentiment clues, mixed
sentiment features, polysemy features and context dependence features in implicit sentiment analysis,
we proposed a Chinese implicit sentiment analysis method based on hierarchical knowledge enhancement
and sememe knowledge. We first introduced a sentiment pre-training model based on bidirectional
encoder representation technology of converters to enhance the ability of sentiment clue recognition.
Then we handled mixed sentiment features through character-level information acquisition, region
moving box learning, global information learning, and multi-pooling operations. At the same time,
we combined sememe knowledge and density matrix, utilized the HowNet knowledge base to allevite
polysemy issues, and integrated with bidirectional long short-term memory network features to tackle

context dependence features. Experimental results show that the proposed method performs
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excellently in terms of effectiveness, superiority, and generalizability, providing a valuable technical
path for Chinese implicit sentiment analysis and helping to improve sentiment understanding and
decision-making support capabilities in scenarios such as social media and user reviews.

Keywords: implicit sentiment analysis; external knowledge; knowledge enhancement; SentiBERT

model; hierarchical knowledge; sememe knowledge
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Hop T 1 F o 0 0 36 7 BN 18 /) A5 A8 1) T A REURH R W 15 2 A ME SR s T 1 o 230 705 TH AT A1)
AR TR ] KT SRy T A R AR I 28 B HE R, R 3678 A MR Recall, P /R Precision.
3.3 XTWigE

SN CPU Intel(R) Core i7-9700K, A4 16 GiB., GPU NVIDIA RTX3080 X1, #:4FE &
%4 Windows 10 Professional Edtion, % i JF & ¥ 55 & PyCharm Professional Edition 2019 x64,
CUDA v10.0.130, CUDNN 7. 3.1, Python 3.7, Tensorflow 1. 12.

ARCHERI ) S HOX BT ¢ epoch % H 30, A FE KK EE ] 100, batch_size &l 24, 2%
RN 5X10°,

3.4 EEZER

ARICFEHZEP RGN, TR T ARG S AP B SCAR 43 2 ) L R Y 56 2k 4 R
mF.

TextRCNNU . #F TextRCNN LR 3% 1, SR F T G0 A9 XL A6 SR AL, ASALRE A 4008 B SO A
IR, R RE A TR bR SCfE B AR AR b B SCAR I, R S R AR R B, % 2 i
() 3 BT PEFNTE SCRYMER VE 2 ¢ 28, Sl A de RO A SR W, 80 TRY RE 4 B SR AR T SO v iR HL R e g 18
g3 INITHE— 25 8& T4 T 43 H7 ARG B8 5 R OR 2

BiLSTM -+ attention™ . 7EIT A9 A 215 F AL B4 . AlA T 7 I HLE B9 BILSTM 5 8 B 28 pY
R —FPRAT R s R B, IRAE 2 AT 55 P R R AR, AR OR3P T R T AL
X2 BILSTM #ERIE R B2k, D3R A5 5ORS o TR A 0 SCAS B BE g, 3 ol R 780 38 oo 20 80 A0 78 38 0 &
B, 35RO SCAS oG EE (S B . AT R AL BE A A G T PG I R B HE A 583 v R
B RLBALOAE B+HA.

BiLSTM+MPOA: i Wei 25§ (1) B AT 2 900 2 B 119 BILSTM B AL, H F a1 & o
Br. TEZ2HFE IR IR b, SR IESR A SRALE] . PRAE L Ak B b B AR5 X PR . R i L AL i
£ B+MPOA.

CMPOAPY . ZMRG EF RS ZRIERERE T (MPOA) ML A, XA B amds AE
BB SCfE BRRN B AR )T A B A BB AS DT i AR AR o s oA IR 4 BT

CsHGCNE™ , ZBIR Shy — AN 0 bR SCREE 19 540 B AG FUR 25 HE SR FE R BB, B AN A% & H b
Ay, B R SOE B AL .

2
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KCISAPY . Z A B0k SR B VR 0 R R R A A 72, R85/ 7 L F 3UfE B KC-ISA #
AL H AT ROE A MR AR R SCRIE . DASR R T R,

BiLSTM+KG+MPOA™ , H A —Ffefg 45 8w 1R A e A 2 9 0F 58 1 7 B 2 o N Uil sk S
AR S AR N T S L A A B T R T ELA R R ) R AT LR SR ZRE
AT A R S W EAZ R, R R B B IR S5 LR A B E . ASCE R AT RIE. f %3k
LBALCAE BHKG+MPOA.

BiLSTM+ multi-attention """ ; BILSTM %54 £ 7 & S Ll (BILSTM + multi-attention) , H4F
5 55 1) B TR AR, TR A B SCAR B AT B S P A, A A S o 22 1 T ML BE R R R LR S A
) Z [ 20 22 5. 245 BILSTM B RUa] J5 51 4 3K B8 71 Al 45 & i, B R B 7R 7 51 0% 4 > i) [R] A5 |, XF
o A B B AN T3 43 1 FH 2 S A0 00 O3 ) BE . X D 22 AR AR s AN T2 1 AR RN SOAS 1 L, 8
PET TR R B 0 BEURR R oA R A Al RS A SCAS v ) O AR S I SR R 8, K R AR A
iC/E B+MA.

FSKQ"™ ; iz A AR Y IR AR EAE A AN AR, 2878 T H bnid] (19 18 CANR . A 8w T A AL e
DU B 2 8% 43 A v B 7 e

4 SLIGHR

4.1 BAFRIMIE
N PR S SMP2019-ECISA SEAT H SCR AU I 5000 IFHE AR SO — B S A )
PEATVERE LB, SEHRAE AN T3 2. KA SCHE R 4 45 09 HDSK, Jrp RS SR ) Ay 30 AL ) 0 4
B R IR T JROSCHR.
#2 PARXEESTRBWER

Table 2 Experimental results of Chinese implicit sentiment analysis %
Al iRTIES F Al MiRTES F
TextRCNN 76.9 73.8 KCISA 78.6 75.5
B+A 76.1 73.4 B+KG+MPOA — 7.7
B+MA — 72.6 FSKQ 82.6 85.8
B+MPOA — 73.7 HDSK(BERT) 80.7 81.1
CMPOA — 74.6 HDSK (SentiBERT) 81.1 88. 4
CsHGCN 77.3 76.4

H 3 2 W] L, HDSK(SentiBERT)#HITE F, 4340 FHUS T e m St . 4 88. 4%, R WA A 1l
FErp SO R B IE A A . 5% REE LT UE B R (B+MA) M L, A SCR AL 7R
Fi 80 F4R T 15,8 H o sl 5 HZ AN AR B A (FSKQ M L, 75 Fi 080 BRTH T 2.6 A 43
AL SRR TextRCNN,B+A.B+MA,B+MPOA.CMPOA,CsHGCN A I, BiiF T 4% SCE 8 7
g E BIE . SIS U ARG s, 5 R ASMBAE M FSKQ BRI AH L, A SO Rl
WAE T 51 A4 R {5 B th SCRR UG B B i — D EZRRE. 5 KCISA Al B-MPOA+KG A4
Fo o AR SCRBCSCIR A S R JF Rl & R RN D7 i A R A e Fy 8BRS T 12,9 A Ar s
10. 7 H 4 1.

TR AR E W], HDSK S AFE b SCRa UG A AT AT 55 B AU i, /e MEdf =/ Fy 3 8 Btk
RefE 5. XFPPEAE LA HR THIER] T HDSK A8 7 Ab P A R AE B 00 4G 5ot . 0 R o 2 A B e IR R
IR 7 Y R g

g E— 25 o T AR SCRE A AR A5 R B B, G217 HDSK (SentiBERT) B # £ SMP2019-
ECISA P4 EXF R . W, Rk 3 AN ERIRORE iR . B BRI F, 208, IF 5 3L BR FSKQ dhfT
XL, S5 3. R 3 AL, HDSK BB AE thPEREA 1 F, 35 90. 2%, AL FSKQ #&7+ 2.3 'H
Gy . XA REAS 25 TR SRR SR HGT 4 JR 18 U T 4 AR, A AR B B ) dile = P R O U
m AR e RGN, E BRI AR 2S00 B F 4 i 87, 206 i 87. 8%, #R FSKQ #& 74 43 Sl £ Tt
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2.7 EAr RN 2.8 EAF AL WERHIM Fy 228 0.6 T3 43 i 2R WIS R XF T 1) A1 671 ] 155 2% 1) U BE
BT . R U [ S — B PR R I O AR SCRERLTE 3 MR B S TR REEE TE . U AR M
TR ERCR R . DTS AIE 1 7 SORE R v S 21 I 70 B A9 4 T3 P

R3 AMEMNERRBRENELHIBER

Table 3 Experimental results of two models on different sentiment categories %
Hm e EILE: F| pm e EILE: F|
FSKQUR ) 82.0 87.2 84.5 HDSK (k) 88.3 86.1 87.2
FSKQUH ) 86.5 83.6 85.0 HDSK (FH#) 86. 4 89.2 87.8
FSKQ( ) 89.5 86. 3 87.9 HDSK (%) 91.5 89.0 90. 2

4.2 HEEXI
R 25 B IE A5 LR B R R A BRAE T, A SR T — RANTH AL . 2508 T3k 4. HDSK
(TCAMER AL ) SBR[ SentiBERT 2RISR e, i3 4 mT 0L, 2 90 U i A5 e vl
FEF, -8 R8T 4 A 4 UEBT T )2 ORGSR AR B (AT AL, HDSK (I AT R 3 3 A% He) J& AR R v 1
A SentiBERT M JEAR AL, 3 4 vT W, AR AT 78 F, 480 B8 TE 2.7 & 40 4, GEW
AR AR A L.
F4 EMTBER

Table 4 Results of ablation experiments %
LAY RS F A MRS F
SentiBERT 80. 9 83.2 HDSK (JG 13 14 5 A B ) 82.6 85.9
HDSK (FEAM AR AL H) 80. 4 87.2 HDSK 81.1 88. 4

4.3 BRXEBRSWELR
Ry B AR SCRERY (72 Ak o 7E 0 I IR A Bl s 2 1 5 L A S s 15 U 0 BT ) 8 LA R S AT 6 B S
. SCIAE SemEval 2014 A 55 4 DVt $UdE 48 Restaurant b HEAT . BOHR (5 B3 T3 5. A oy
SERUE R BoR F R A ASGCNMY , ATAE-LSTMM |, TANM, RAMMY , MGANE) | TransCap-'® F
TransEncAsp™ ™ #E47%F L3256 . 45 51 T3 6.
R 5 HIEE Restaurant 5 2

Table 5 Information of Restaurant dataset A~
T4 2% o ERS Bt
PIER S 2 164 805 633 3602
i A 728 196 196 1120
Restaurant 2 892 1 001 829 4722
*6 BEXAFEEISNIRER
Table 6 Experimental results of explicit sentiment analysis %
iRl ATAE-LSTM TAN RAM MGAN ASGCN TransCap TransEncAsp  HDSK
HE B R 76.9 76.8 80. 2 81.2 80.7 79.6 77.1 81.9
F, 62.6 67.7 70. 8 71.9 72.0 71.4 57.9 73.5

SEGRRAN L, HDSK #8I7E Fy 20 80 BBl T 3 42 7, #3002 5 MGAN BERUAR L4 5 1
1.6 Ao al. 5ETEMZEME MR (ASGCN A LI R T 1.5 A4, 52T Transformer A A
(TransCap 1 TransEncAsp) i H, HDSK #H A9 F, 43 %0t 35 0 &, U 7 W =1 B i b, {058
Transformer B Z5F B THA & DA RHE 55 B 42 k. X R et 3 BT B SCRAME AR 45 &, ik T
1R 58 1 3 S LB 42 Ry iy SCAR B A PR AN I | BT 28 0 45 A Y fife = AR RN R SRR LA ) B T Transformer
BRI AE AT 55 R Sl A S BR BRBE T AR JE py Il . PR, HDSK A58 5 2545 bR SCR AR R i ik
T O U B AR 55 R AL T8 R R BT SRR B SR B RO SR BE Ty AT SE I T R A P B R
Fr. B EERRAGR I T A SO i A 8t WIS UE T Hoo KA aE Wk Fz 46 . Ak — 2B IESE T
AR SCRE T BEAE Z2 A A i 1 458 b 2 1 AR L
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Li LIRS b SO U I B b 1 IR R B L IR A T IR . 2 SCVERRIE DL 2 78 B2 AR U
MEAEPEA , A SCHR T —Fh 3 TR GRS sl R SRR B 7 . 1l ad 51 SentiBERT Il 2 B
AR T XL R PRE . R TR BRI, KR S~ -~ . &R f5 B ) f 23
RERAE, MUIIAL B TR G S R AR, TRl 855 ORI BEAR M . M HowNet 1R P e T 2 SCPE
FRAE RS, 15 BILSTM Ff ikl & DLR TH SRR . SEOe 45 R R W, %07 ik A A 3k L sk A
AR DT X B T8 IR T O SO U I i BRI T — R Y A AR AR

2 % X #
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