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1 ABSA IEHIESE
Table 1 ABSA task datasets

YIS EL I

Piaii ik bIEL B e TR

Twitter 1561 3127 1560 173 346 173

Lapl14 994 464 870 341 169 128
Restl5 912 36 256 326 34 182
Rest16 1240 69 439 469 30 117

32 S¥HKRE

S FH GloVe #1416 il i A 7] &, BiLSTM HY
BT 1 R 0R 300, MR A 1 4 5 Ry 300, A5 Hp
A E R FH Y 51 4y A AT R0 iRk . 8] Adam /B
Pl 88, 2% 2 R E M 0.002, L, 1F W15 R Kk &
4 0.000 02, Twitter, Lapl4, Restl5, Rest16 It & Il
GRFEAR ST E Ol 16, 32, 16, 64,
33 XtHEsKe

AR SCHEHL 10 ARV HEA T X L SE 5

1) LSTM™, F ] LSTM &% I F 3Cf5 B, 6t
e Ja — )2 B R 1] i A S SCAS R AE 3RO i A 4 2
.

2) RAM™Y, ¥ Z2 5 1 B Sl AR 6918 SCERAE AN
LSTM 3R RIE 385, 15 8 R .

3) IAN", —Ff 7 = AL xR SCRTE

P28 B2 > BT

4) MGANPY, —Fh Z07 B 10 55 M 4%, m] LA
S R SCZ R iR g8 L, FEARAE Bk

5) AOAPY, B A& S 1R3¢, HFAshk
AT R E R A

6) ASGCNY!. {K#if I GON SR Az 43515
SRR, 45 5 B PL HEA T I I 2

7) BiGCN™ . — Bl & J2 U Aag vk Al P i B
2% GCN, T - 4b 1) FH TR P22 40 531 %) B i) 9045 L %
ENGES UGN

8) GL-GCNP2, —Fhig| A 4 J& il Js 3 15 B 1Y
GCN B, R & T SCA I IR RE

9) KEATGCN™, —Fh i Bh 130 I 3% 1 GCN
1A 58 B TR R, S PR SOAR T AT B BRI
= HR

10) MIGCN®Y, —Ff £ 22 5 GCN #E#Y, 7] LA [7]
k2% pE 407 B I B AR A S TR ) 1 A R, IF
Wit 2 Fhag BRI Y e &R .
34 ZHER

AR SO BB E S AT T 3 A S, X L SR
ZERANE 2 s o AR SCHE Y B9 MSKFSA #6181 73
K UER R A Marco-F, 55 3 S L HER T A b 15 R
AR, Hodr, WERG R AE Twitter, Lapl4. Restl5,
Rest16 £ 45 4 3 WUAR B A, 20 03K 80 T 75.00%.
77.90%. 81.55%. 90.10%, FH % - 3 i 455 AU (1 fe 1
ERL SR T 0.43%. 0.99%. 0.39%. 0.6%. 7
Twitter, Lap14. Rest]5 %045 45 I, AHE T X Lo AR AU
B ft 45 - B Marco-F,, 43 9 #£ # T 0.69%. 0.93%.,
1.57%. 534k, #£ Twitter, Lapl4, Restl5 £ 4 4E I,
HER 2 H1 Marco-F, 33K 8] T S 455, Tk 143
TR R 45 A ASE TR g R A

FR Al 25 2R LA, A HeAU(E T LSTM iy 58 A,
T GCN MBI RILE 4 B4R B RILBAR . 28 B

R2 TRIRBLERIEE

Table 2 Results of different models %
- - MiTES Marco-F,
Twitter Lapl4 Restl5 Rest16 Twitter Lapl4 Restl5 Restl6
e — LSTM™ 69.56 69.28 77.37 86.80 67.70 63.09 55.17 63.88
RAM® 69.36 74.49 67.30 71.35
IAN" 72.50 72.05 78.54 84.74 70.81 67.38 52.65 5521
SEH AR MGAN""! 72.54 75.27 70.81 70.81
AOAPY 72.30 76.62 78.17 87.50 70.20 67.52 57.02 66.21
ASGCN"! 72.15 75.55 79.89 88.99 70.40 71.05 61.89 67.48
BiGCN™ 74.16 74.59 81.16 88.96 73.35 71.84 64.79 70.84
GCNF7 GL-GCN™ 73.26 76.91 80.81 88.47 71.26 72.76 64.99 69.64
MIGCN" 7331 76.59 80.81 89.50 72.12 72.44 64.21 71.97
KEATGCN™! 74.57 76.65 80.07 89.45 73.34 73.21 65.90 74.81
A SCAETY MSKFSA 75.00 77.90 81.55 90.10 74.03 74.14 67.47 71.99
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Table 3 Results of ablation experiments %
AR Marco-F,
fo
Twitter Lapl4 Restl5 Rest16 Twitter Lapl4 Restl5 Rest16
MSKFSA 75.00 77.90 81.55 90.10 74.03 74.14 67.47 71.99
w/0 lan 73.99 72.26 79.89 87.18 72.37 67.28 62.81 68.95
w/o em 74.13 72.10 78.78 87.01 72.29 67.16 64.83 64.78
w/o co 74.42 70.85 78.60 86.69 72.91 64.71 60.06 67.65
w/o in 74.57 76.65 80.63 88.96 73.03 72.95 66.05 67.51
1) w/o lan, FEAs ALy 1R SCF B g A zi
B R A AR A ol T,
2) wio em, Z AL H 1R R SR T O3 86

3) w/o coo FARUBIRL b B HE A G 5 AR 43 o

4) w/o ine BRI RRAE AT B Rl GRE,
H 2 TR R PR IS 1 426 .

ATLVE Y, KBR3C BT 2 196 3 1 w/o in 524
FARFIN T H AL AR, H 550 SRR 0] 22
BEAS /N . R UIIE T RN TR AP MR R 20 (1Y) 52 ) #
GRS HT AT 55, A0 A B A% XX 2E MRS T 78 53 1Y
R, AAY EEAVE . o i 22 B 1 Ik
TR FHE 2 HIR Y w/o em Fll w/o co BEAY, 78 4 P4
P 45 b 0 3R I LA A ], wio co £ B FE Lapl4,
Restl5 #3654 [+ A9 Marco-F, 55 T w/o em ##Y | {H
7£ Twitter, Rest16 I X LT wio em £ 4, 3R B
JEHE 5 A S R R A5 E S, BOR AT 2 . [l
FBR1ET NI AT wio lan BE AL 5 w/o in BRI AH E
1 Lapl4. Restl5. Restl6 | {9 i i R A5 % K F B,
S IR I o N s 205 v 5 Bl s R = A
A EZENE UE R, S AR A s, A SO
eIt B9 MSKFSA #E A4S & Z2 IR, 5 75 T Y 3 &1
O FRIERL I bRl A, G5 T RCEY Y 4y KB T .

£ BRTiR, MSKFSA RS aT DL 1 A1 K1 UR
GCN 7351 5 | AME S L A% BHTE e 1R 3G SCRTR,
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LHRFR, i — 5 m A e
3.6 GCN EHHIFNT

HAFFFE GON JZ 505 MSKFSA B8 (1) 520, 76 |-
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82+
£ 80}
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74_./-\.__.’_./.\-/.

72

WER R/ %
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Fig. 4 Relationship between number of GCN

layers and accuracy
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Fig. 5 Relationship between number of GCN
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Multi-source knowledge fusion model for aspect-based sentiment analysis
HAN Hu', HAO Jun, ZHANG Qiankun, ZHAO Qitao
(School of Electronic and Information Engineering, Lanzhou Jiaotong University, Lanzhou 730070, China)

Abstract: Aspect-based sentiment analysis (ABSA) is a fine-grained sentiment analysis task that aims to give
the corresponding sentiment polarity for specific aspects that appear in review statements. Most existing aspect-based
sentiment analysis methods relying on deep learning focus on mining the semantics and syntax of review statements,
often ignoring the conceptual knowledge and sentiment degree information that may be involved in the review
statements. To address this problem, a neural network model incorporating multi-source knowledge. It reveals the
structural framework of sentences through syntactic dependencies, captures semantic connections between words
through word co-occurrence, and embeds emotional networks and concept graphs to provide emotional and
background knowledge for the model, and coordinated optimization of the contextual and evaluative aspects of review
statements was realized through a dual-interaction attention model. Experimental results on four public datasets show
that the model achieves better performance than existing models, with accuracy reaching 75.00%, 77.90%, 81.55%,
and 90.10%, respectively, all of which were improved compared to the benchmark model. This achievement not only
verifies the effectiveness of multi-source knowledge fusion in ABSA tasks, but also provides new ideas and methods
for future research.

Keywords: aspect-based sentiment analysis; graph convolutional network; multi-source fusion; knowledge

graph; interactive attention mechanisms
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