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Abstract  Aspect-based sentiment analysis (ABSA) aims to identify the opinions expressed by
users about specific targets in subjective texts. In recent years, ABSA has been a frontier topic in
the field of affective computing, and has received extensive attention from both academia and
industry. ABSA involves various elements such as aspect terms, opinion terms, aspect categories,
and sentiment polarity, and accordingly constitutes various research tasks. With the rapid devel-
opment of natural language processing, researchers have proposed a large amount of methods for
ABSA, and have made certain progress in performance. However, limited by the high annotation
cost, most existing researches are limited to specific languages and fields, and the low-resource
scenarios caused by insufficient training samples hinder the further expansion and application of
ABSA methods. In this paper, we start from the relevant definitions of ABSA and introduces the
elements, tasks, commonly-used datasets, and evaluation metrics. Then, for the basic tasks and
extended tasks included in ABSA, we thoroughly review and analyze the development of related

ABSA methods. Further, for the low-resource problem in ABSA, we summarize and compare the

Wi F 391 :2022-09-09 5 7L K AT H 91 : 2023-04-18. A PRAAG 3 [6 52 [ AR BL# LB T0UH (62276193, 61572376) % By B M. 1 L./ L5
WFHE 6%, F B SURA (5 B A5 &4 BT, E-mail: zhchen18@ whu. edu. en. 88k & GAFIEH) . £, B4R, EEBF RGN B A H
AL R RS E-mail: qty@whu. edu. on. ZETR L OFFE AT O E BRI 3K B 8L AR E L BRSO O 1
RO RS B LRI A BT RT  A ERAT. Sh RS LT @B R BT 5 1) S KB AR R OB S E
B, mJ?J(&yEXIﬂTnﬁﬁﬁlZl?&ﬁP“ B IR SR 2 BT ST U B A R B A B A A R RE AR B RS



1446 it "

Bl

1R 2023 4

AL
=B

existing improving strategies for low-resource ABSA, which can be categorized into the model

level and the data level. Finally, we prospect the future research trends of low-resource ABSA.
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