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HARE F SO IISIEN S, B S e uE 2 A I A
BERLAT I3 FEPIA FBAT S5 . FARREFE Iy . B 5 SOA
o B R TR Y SCAS B B3 s e /N IE 3 B B
Je—iE CAS B JC ( Argumentative Discourse Unit,
ADU) U i AR UE SCA T g D) RE IS T HE 1743
J, AR B, S5IR5E.

(2) XZFHiM (Relations Prediction), FilIEIE
ARHITH KRR, GBS RME HBUEL R,
ST Km PR SRR A E AT 55, HT
TFF 5% H o A A — PR B TE DG R A FI 0T, 4598 IR SC
A HLTE BT ] OC R AL [F F E#8EE] (Argumentation
Graph) , IBIERRX N T E h i, SR IEeE
P, X — B Beid 1 57 O A5 1R TE SCAS BT R OG
&, WETERA R AR,

32 RIHZHERELMEER

W UEAZ 0 52 2% B2 5598k PR OC A5G 2R P01 B4 A 2

2023 £E 35 EF 6 HA

RIEMEK (B1), &7 “HPARHIEIE” R
AR/ ZHERARBIEICUER R “HIE—HTHERE
WEIBUERR” EHE— A RBZ 2 AR
PR AR I K R A

SHRCIEXR
U0 : X YRIZEEISTERIZRANG ?

XEBMRS l T

—RRICUER R
g - X2YRIBRIL ?
XFOYHEIHSE ?

y | A
1. ]
v v

BB
180 : XEMRIR ?
XBEE ?

EEEt
g0 : XEUHE ?
XIH0HR ?

A
)
]

BHERA

WIES&E

H->1

| eE/EeiE e

K1 ISR R A

Fig.1 Tasks and levels of complexity in argument mining
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Table 1 Applications of argument mining in various fields
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Fig.4 Development stages of argument mining
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Abstract: [Purpose/Significance] Argument mining, a research hotspot in the field of computational linguistics, provides machine
processable structured data for computational models of argument. Argument mining tasks are closely related to artificial intelligence
(AD) technologies, such as natural language processing and knowledge representation. There are numerous systematic studies in
academia and a clear technical realization route has come into being. New research results continue to emerge as a result of rich
resources and rapid development and iteration of deep learning, large language models (LLMs), and other technologies. This study,
which reviews the research status and progress of argument mining, can serve as a resource for future research and application
development. [Method/Process] Through literature review, this paper systematically reviews the relevant research basis (including
foundational techniques and semantic representation models), summarizes the related technical system in terms of task framework,
influencing factors of technological complexity, and method classification, and then introduces the argument mining practice and
application cases for specific fields and research objectives and makes a comparative analysis. Most importantly, the overall
development and characteristics of this research field are summarized, with a focus on tracking the progress of multimedia argument
mining in the context of the new Al environment. [Results/Conclusions] Relevant research has experienced the development of
"machine learning - deep learning" and "text only - multimodal", and the levels of development and application of various fields vary
much. Future research may focus on how to achieve multigranularity and multimodal content generalization, as well as how to promote
its application and implementation in practice. Possible research directions include: 1) the use of LLMs in argument mining, because
they exhibit significant benefits in downstream applications such as natural language processing and multimodal learning, and can also

provide certain technical conditions for the generation of argument content; 2) the use of domain knowledge organization systems such
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as vocabulary, knowledge base and knowledge graph: with these systems, researchers can combine domain-specific argument mining
models with rich knowledge structure, to strengthen semantic representation and organization improve the systematization and dig
deeper into argument mining model research in the domain; 3) promoting the application research and practice of argument mining in
more fields or across disciplines, and improving the retrieval and visualization of argument information, such as combining information
retrieval methods with argument mining to build the next generation of argument search engines.

Keywords: argument mining; technical system; development path; multimodal
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