ATE R IR AR 4R
I, £ 5

FIHASLC:

IR, T 5. N TR RE P A2E LUHEBIT ST LR ). B RE R GE7 4, 2023, 18(4): 643-661.

PAN Zhenghua,WANG Yong. Review of research on analogical reasoning in artificial intelligence[J]. CAAI Transactions on
Intelligent Systems, 2023, 18(4): 643-661.

TR E View online: hitps:/dx.doi.org/10.11992/tis.202209002

L] BRBONAR I HA SCEE
N TERET BB PP B A E— B MR IIRE S 5 . R PRI BRRUR:

Criteria of closeness and strong closeness in artificial intelligence
technologies

BHER G AR, 2020, 15(1): 114-120  hitps:/dx.doi.org/10.11992/tis.202001001
X AT N TR RE 1 S 2 e

Application and development of set pair analysis in artificial intelligence: a survey

BHER SR, 2019, 14(1): 28-43  hitps://dx.doi.org/10.11992/1is.201803030
KT HRES T LR 518

Overview on deep learning

BHERG R, 2019, 14(1): 1-19  https://dx.doi.org/10.11992/tis.201808019
T T SUAR 2R B 43 gk ][] ek 2] A5

Word representation learning model using matrix factorization to incorporate semantic information

BIRER G M. 2017, 12(5): 661-667  https://dx.doi.org/10.11992/ti5.201706012
HUINERR S Hi 2 R s ) AR G bl B e

Improvement and comparison research between intelligent control systems based on rule based reasoning and neural computation Al

limits, application conditions and ethical risks of existing

methods

BIBE R G244 2017, 12(6): 823-832  https://dx.doi.org/10.11992/tis.201602015
THANLEZR R 5 & R

Research and development of computer games

BHER G FR. 2016, 11(6): 788-798  https://dx.doi.org/10.11992/tis.201609006


http://tis.hrbeu.edu.cn/
http://tis.hrbeu.edu.cn/
http://tis.hrbeu.edu.cn/
https://dx.doi.org/10.11992/tis.202209002
https://dx.doi.org/10.11992/tis.202001001
https://dx.doi.org/10.11992/tis.201803030
https://dx.doi.org/10.11992/tis.201808019
https://dx.doi.org/10.11992/tis.201706012
https://dx.doi.org/10.11992/tis.201602015
https://dx.doi.org/10.11992/tis.201609006

5518 B4 4 OB R & v M Vol.18 No.4
2023 4 7 H CAAI Transactions on Intelligent Systems Jul. 2023

DOI: 10.11992/tis.202209002
[ £& H AR b 3E - https:/kns.cnki.net/kems/detail/23.1538.TP.20230321.1419.004.html

AT EEEPRE L HERAREZEIR

HIEM I F
(T k3 BF%, L B4 214122)

# ZE.KILHEH (analogical reasoning, AR) & A JE4E ip pg — Fh AR HEFRIE 2L, & A T.% &8 (artificial intelli-
gence, Al) BUSFE AR I P A9 — AN T2, AL PSS LRHEBOF Y, B AR 45 G M OGS B oe b A7 1153 2
L, AETH ML AL SE IS L HE S A BT AR, LA™ A REHEWT (L BT A 00 REHE R R 22 ) R 48, B 20 42 60 4F AR
TR B AL ) ZS EEHE B ELS A4 R SE, EABUR T 5 AT R, Fr il i R S i B 5 IR E 2%
S5 A WMAFR TN BR T HAE ATPFSE i S Bk . A SO B X A 25 B IAE AL 9288 LU HE S 2 B 5 S LR
BT R G REEFIRIE . 7R AR B AL S8 A B 700 4 2 He A BT % SCRR JEAT 4 T % B A LAl 1, %F
BRI 142 S WESE SCBRIAEAT 7RG HT, N AL R 2R 28 Lo i S 5T 7 bt 2 A ik 2 A i
BT R FE BT FERE S, 2 A P 28 e BRAT ST T 9 Dy < 28 LE (ALK R L TR R R AR 2 3 7 4F
8 NS AR, I Xt 45 W5 32 8 B AR e MBI 98 TAE A 3 A HIF 5 S AR L DN 288 AN 4% 0 LA I A7 AE 1 [R) RBLHE AT AL 485 4%
Mo BJa, JRET AT P38 LB A SR MBI 55 7 1] L B R R A

KR AT RE; 25 LR X4 HAR; Beds TR s s I T 22 0 i 4 25 YR 2=

FESES: TPIS XHiREE: A XEHS: 1673-4785(2023)04-0643-19

RS AR EES, TE. ATSEPHRILEERRER J). BEERFEFN, 2023, 18(4): 643-661.
5| At&3: PAN Zhenghua, WANG Yong. Review of research on analogical reasoning in artificial intelligence[J]. CAAI trans-
actions on intelligent systems, 2023, 18(4): 643—661.

Review of research on analogical reasoning in artificial intelligence

PAN Zhenghua, WANG Yong
(School of Science, Jiangnan University, Wuxi 214122, China)

Abstract: Analogical reasoning is a basic reasoning form in human thinking, and it is an important field in Al theory
and technology research. The research of analogical reasoning in Al aims to carry out computational modeling in com-
bination with the research of related disciplines, simulate and realize the the process of analogical reasoning on the com-
puter, so as to generate an intelligent reasoning and learning system that can infer new knowledge. Since 1960s, the re-
search on the theory and technology of analogical reasoning in Al has achieved a wealth of research results. Especially
in recent years, the research combining analogical reasoning with deep learning has shown its importance in Al research.
This paper aims to systematically summarize and review the main research and characteristics of analogical reasoning in
Al from the past to the present. In this paper, based on a comprehensive survey of the retrieved more than 700 research
documents related to analogical reasoning in Al, and a systematic analysis of 142 research documents, we believe that
the analogical reasoning research in Al has shown different research characteristics in the last century and the present
century, combined with our research, the analogical reasoning research in the two stages is summarized into 8 research

<

topics such as “analogical problem solving”, “computational models” and “learning by analogy” and the basic research
ideas, contents, characteristics and existing problems of these research topics and their representative research work are
summarized and analysed. Finally, the future research direction and development trend of analogical reasoning in artifi-
cial intelligence are prospected.

Keywords: artificial intelligence; analogical reasoning; objiect; target; mapping; computational model; case-based reas-

oning; deep learning
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Fig. 1 Basic process of analogical reasoning
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