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Abstract

This paper is aiming at the problems of lack of annotated data and inadequate senti-
ment semantic representation in existing domain sentiment lexicon construction meth-
ods. In this paper, the joint weight is calculated by multi-source data. Combining
prior emotional knowledge and Fasttext word vector representation learning, the sen-
timent semantic knowledge is mapped to a new word vector space, and the domain
sentiment dictionary is automatically constructed from unlabeled data to adapt to the
multi-domain and multi-language environment. The comparative experiments on Chi-
nese and English multi-domain public data sets show that, compared with sentiment
dictionary and pretrained language model, the proposed multi-source knowledge fu-
sion method of domain sentiment dictionary representation learning has significantly
improved the classification accuracy on public data sets, and has good robustness on
various algorithms, multi-language, multi-domain and multi-data sets. This paper also
verifies the role of each module of the proposed model in improving the effect of senti-
ment classification through ablation experiments.

Keywords: knowledge fusion , domain sentiment lexicon , representation learning
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Bert-BiLSTM 89.15% 88.23% 87.96% 88.07%
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HEORE LRRAF AR, REEF G ERBNERPERE K, FENRETE SRS TR
W ERE AR - EETERE, A SR B AMEDSLATE S BIA M B Fr 71, FENRTEL
PR, ANOGE TR E 2 ) EAIBILSTM, 0 3& T 8| B 4 E R MISVMEA %, R
FIEE BB RSB

Table 5: &3 IE RS FExT BRSCEG 45 R
% B T {£accuracy 45 DVD HTF=H FEAR 2

BRAE-SVM 70.07% 71.00%  69.80% = 71.60%  75.60%
Word2vec-SVM T471%  76.80%  75.26%  76.70%  76.90%
Fasttext-SVM 74.81% 75.53%  T419%  76.25%  77.26%
TF-IDF-SVM 73.42% 74.88%  74.28%  75.21%  77.12%
MFDSL-SVM 75.22% TT.57%  T7.80%  78.29%  77.82%
Bert-BiLSTM 76.23% 75.74%  77.45%  79.84%  76.23%

MFDSL-Bert-BiLSTM  77.44% 77.94%  78.23% 81.78%  81.74%

Nt — DRGNS T RIS SRR BRSO, R B SO E IR A L E ST
AT LB BRI S BRI RBGRR, WREFT R o AT LUE W, 51 NSO B R BB 8 il U
U0 “gastronomic” ~ “machiavellian” PIRAT S SO EGR, 1E W HBGRTCIGIN T 751, £ a5 B
TCHEINS0A, FHEREGH T 1B RS kR -

Table 6: 5[\ Z ST F5 40800t U TERL i BTG &

wiE & N
' . ... IE[ 1804 ...great, excellent, wonderful, new, easy...
AFd T Y iR , , ; .
I HL AR film] 1842 ...bad, boring, worst, disappointing, confusing...
. N IEM 1879 ...gastronomic, decorative, suggestive, impressively, unforgettably...
AR Y iR ; , , ,
FINTERS RS fim 1922 ...machiavellian, sissy, unitarian, regretful, musty...

4.3.4 JHEEE

RSLEET ZRFREA AT B BaR H FOR 2 5 IR ZE A [a] & SRR b, R B AR AT
FORRER  TARAASEHANE BA MRS . NI A SRR S AMERER , 2R3 T T R S0E R
FROTERLSEES R TAIESHTR:

MNETMESH IR, SR R & A g 48 b, COR AU LR - THdpER
FIE A AR L B AMEFDSLIR R I IE IR G B NP, 2 = MRS, PCRABert i)l

b E T S AR, 6845569300, F A, JiE, 20224E10H 14H & 16H .
(c) 2022 FEFLFGEESUFIESYLTWERS
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Table 7: F 3UIHF RS RIERISEE

oM CIRS macro precision macro recall macro fl accuracy
MFDSL-Bert-BiLSTM 90.94% 90.84% 90.80%  90.82%
AT H-Bert-BiLSTM 90.49% 90.33% 90.21%  90.22%
tiidBERT-BiLSTM 90.44% 90.41% 90.33%  90.34%
R R-BERT-BILSTM 90.28% 89.93% 89.79%  89.82%
Bert-BiLSTM 89.15% 88.23% 87.96%  88.07%

Table 8: HSUHRIT FIHRISL S 4G R
X B8 J7 {accuracy K DVD HTrEH BHEAS 2B

MFDSL-Bert-BiLSTM  77.44% 77.94%  78.23%  81.78%  81.74%
AN H-Bert-BiLSTM  76.64%  75.82%  77.26%  79.03%  80.63%
tidf-BERT-BiLSTM 75.91% 75.49%  77.23%  79.56% = 79.54%
BRERR-BERT-BILSTM  75.71% 75.20%  76.69%  79.79%  80.62%

Bert-BiLSTM 76.23% 75.74%  77.45%  79.84% = 76.23%

GRS I MBILSTM 7 REVEARS, IEMRFEEIRR, WESE T A SURE P = MR A AR -
B SREEERICE W B SRR BRI — MR B R TR, IEMR EEHBRT &
RERZ R HIAE HRCR «

5 BEg5RE

ARTL P H 2T 2 YR AN R R & B U R SR OR 22 ) VA H Eh N TEARE R A & R K
s 22 SN 215 S AT R SR BRI 8, 5 ASMERARIEON HETE 58 (0 SISO S IR AN L, il
& ZIREIRE SUE BAIERYE BIRANEIR AR E | B SR 3] 510 ) B A0 A E s
I3 ) 15 I SO (R B R M SRR 1 T S o P IR SUS AUBA TR £ ORI SRR AE R
RINZEIIE RS T BRI R RPRERNE, #H—S R riiiE T AU LB E
IR AR 5 72004 DL B shiR B RIS R BA « AEARRI TAEF, FAE L S R R TE R
PP RIGER AN, PRV BRGAIC K B shl DO RIS bR -
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