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Aspect Level Sentiment Analysis Based on Local Context Keyword

ZENG Bi-Qing, HUANG Zi-Peng
(School of Software, South China Normal University, Foshan 528225, China)

Abstract: Most aspect level sentiment analysis methods do not focus on keyword features in the local context. Therefore,
this study proposes an aspect level sentiment analysis model LCPM (local context pos mask) baséd 61_1 local context
keyword feature extraction and enhancement. First, a local context part of the speech mask meghanism is proposed to
extract the important words features around aspect words and reduce the interfeﬁrence of noise words. Second, the loss
function is modified, so that the model focuses on the local context keyword' features related to aspect words and improves
the performance of the model’s sentimental classification. Final‘ly: a gating mechanism is designed. The model can
dynamically learn the weight coefficients and assign different weight coefficients to local context keyword features and
global context features. The experiments on four open datasets show that, compared with existing aspect level sentiment
analysis models, the proposed modelﬂ has higher accuracy and MF'1 value, which verifies the effectiveness of local context
keyword extraction and enhancement and is of application significance in aspect level sentiment analysis tasks.

Key words: aspect level sentiment analysis; keyword features; part of speech mask; loss function; gating mechanism
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o C R IR M B, CJE LCPM AR 2K 5 4
By RN, TRBINA LCPM b2, W)
AW R BUESRE, bY FIbT R0 A5

PR SR P A SRSV DB 2R R 3, JF I\ L2 IR ALK
B bR A, Wk (26) P,

C
Ly=-) Slogp’ (25)
1

L=(1—-€)Ly+eLicpm+ /IZ g (26)
0e®

e, LR TR A B3 % bR BUAE, C 215 R
IR, p' Ja T AR R O R B T 2420
=1, 709 = 0, 4K REERHL, 1> 0, O
SHES. .

4 S
4.1 HWESTMNIER
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MAMS A A2 AT 5256 . 1% SE 504 4 1 BN RE AR
A0 —ANERZ AN 7 1], RS 7 T FR AR A X R
15 B, T IR A 2 AR . T AR ik 3 36 AR
SIS g5 R, LCPM AR X Se A4 £ b1t e o 2 42
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42 BHRESTRINE >

LCPM #5 3 () 8 2 B0ik B W13 2 PR, A ik H
BERT Tilill 5 17] @%1’55’91@%&)\, RN ZEE R 768.
YIZEE T Adam HEAT B 5000, BT L2, B
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