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¢1F A5 719 AFFE (o8}, 1% R|5)&= Z2 o7 opollA XA T
< B gor shfl= EVRsolA BERE visE 2 ZAF 22 AlQelA] ¢l
AL AS 5] olZlth 37 Q1A 71A WA, ARl e7] (tagging) 2 22

dAo] Eit}t 13y Davis & Marcus(2015) 0114

d A1
AR, WYl Q1F Al 2EAQ Ho| ofds] WA Qo RS Yk

e e Lo

[¢]

QHoT S} AL Q= A OR, AFES
2 ol Alofsix] Gt “Eg Algl BERIY, “Feel xze
B, ‘B BA AEY, ‘BAL oS Yol Altrlx] gtk 5
3} o] W9k AlIEo] BE & Qe U] Z1E K|Aoleh S Al
glolt= Qg AAE olslelr] ofik BRIZIIE 213 Aol FAE 2FA] 2
sk 4, A A, gt 58 olstel] ol

=
Q1 Al Ao WE Alo] 23 gl AAlo] Aeislo] Qlor 44 75
o

Zk31 Q= Q1F Alss sk E3bEQl o] ofx] dRistelx] ¢Fxn Qi
o] ZAIE s4sl7] Yste] Davis & Marcus(2015)7F X|&gE 0] Q12 X]
7|& FEololA

w2 A WA A7 (neural-network) 1ol RES AP 5t RS A
= AT A BEE el itk & Aol o] A A
do] EXRS AHEEA AR o] el dAx} s, a=]al Al At <l

=2 = L
T RI59] gAY zfol, thgoz of xfo]e] Ul o|E sastr] Rt Ales
[e]
=

AF AR50 A 50l B3t tiasQl Al==A 20154 o=
3
(e}

2. 34
2.1 74A9] Q9]

AAle 1973W39] "The Shorter Oxford English Dictionary oA u] 7EX]

ojnlz gojE ek WA, HEAH dule “oie] 35 A Ee THeR
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FEE A A2, 7oA ouls THEe, AR £ e
A olsiisiA] o Algo] “rgARstAY nitaL e 4 e AdEol
t} ,\ﬂ H—]z;ﬂ olu|= “o _ﬁ-_g] QukElo] Zbzt e 229 eubEel ZkzH (o)A 9]
ok oml= F
ga}x oujz “F (
ok 329 o= FUHE oz tdsA FElo] St Merriam—Webster
Online Dictionary= "/3%0It APdol] gt Tt Q14ofl 7]zsto] Wid 27
skl 21Esh Tk o 2 Folgttt "Cambridge Dictionary, = “$-8] B57} 9]
Ao]al QbR WA om 4 & QIEE Lol 7]RA 2o A8l XA
Tt o2 FoJsttt. van Holthoorn & Olson(1987, p. 9)2 “tha HEFolil
Hgoly =4 glo] fxlEls A4, o, Awetew HdEnh Al Aofstal,
Lewis(1967, p. 146)< “E& AR 71251 FAlA H o2t 2k
Aol ek TRt ofsiel ool Estal, )1F Aol Fstal sk
A Tes] 2h)2 o] Wikipedia(https://en. wikipedia. org/wiki/) 7}
MAlske Lubs ejoll 73t Wikipediaoll A /g4 “L3=|Ql ZAlol| &t
R0l AR I e A BE ARO] 3ske(F, 38R A
oz QA ofs Bl el & l= 71EAS] 5" o2 FojHrh. wbA Davis
& Marcus(2015)7F Hoke 3 Also] 4ol 2o=of lutal sk A2
A9 1F K50l dAte 7 At Al 28] QiR os Adsks A
tisll g/Elelal AAERI Q14 osl, #dE & 4 (e ngith

k)

)
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=

1:0 rl0
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EE
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=

2.2 97 Rso] Ak 34

F|2 QIF Alsolghs &7t SRk glom, 11 Jigo] wie i%—adﬂﬂ
AREE T Qich UF9)7](https://namu. wiki/w/) 2] ’\} RE Aolof| w=H, ol

I K5 (ATHEE) == Artificial Intelligence(Al) = 2l =]

58, A7 58, F& =] dQ3t FAUS T 4 JEF AFE AlAHE F

dolel= AFE 389 MR EoF F shuolr), A7k 23Rt &0l 2
|

= X% &, A K|5(natural intelligence)oll tl-SE= 7ol thA] s,
(e}

AT Rl R AI59 7155 24E HFH AladoH, At Xlss 714 &



297
Y’

2ol

.

=
1S K4t 7|

=1
7

L

Sk
3 wke

R 59,
thalsto] Aol YA OE A

kel
=
[e)

=

A Aol 7
2]

[e)

12 ol ARgolut

1
© 0]
- L

o

oot el o771 a1

<

7hlo gick. At

L
.

=
T

]

—u

50| FHolt). WA A
wfebq K52 AAl9] QlAlolt of

P9 (agency) 2] 70|

Al2Elo] /15 X|50]

S LT TG g E b
o <7 X LU
TEaRETIEET B
;o_y.._ i ﬂ.H__oL,_.wuL
Foon g .- oo W E
o LS e w =
H N X noR Jo ‘% £ ) Jo
%oe]ﬁOT%ﬂ? ~ ©
A T B TN B
T A0 N A Mo Jn zo O =f
e_xﬂﬂo_a%mﬂ%% s
T oo o WO LT
IR L Yy o 9
e.“ o we AT B P
oﬂu.wrﬂ wa.A_Naﬂ_.HL
Jo ¥ ﬂuoabﬂ o
]__?__.ﬂq,uu1r o &
K —_ __O__OLll (e
o .,ﬂon,l EE._LTA‘_Q
R S I
2 {4 W oA RE o -
L B oo X _,_o ™ 5y 0
By op oo o POy &
2P L LT
— T b <
R T < IR - T
T ek W Y TR LE
A]ﬂ Jjo = Jjo oo X N %o = AR
TR TR
mozom_z.mA.mﬁE_sﬂmo
0" 0 B o W OT 1,Drl - .m| o o
P N By
mﬂﬂﬂxﬂﬂmﬂwhﬂ%on
ﬂnurméwbv_oo} = W
< ) ~ H <
= xo_a_ﬂ%@ro%mﬂwoc
Hﬂﬁmﬂn%ezxﬂ
i - o m) Ho o
Mo N i~
T o @ Jow T w F oo .
K U - I e s

L=y
<,

Apdolet. %ol
F el v, Al

o

.'I

Tl

15

o
i
&

=)
il

AA Alw7h 22 & dof Agd

=,

o

229

A

Aol #Eske] 22 u|= U, of Washington®]

23]

|

R

A7
b %

O]

ey
=]

O =]
=- o
& oF
20 AL
=2 "\

|
=~
=

S1E7]=
A

RLE

=]
At 7]

Aol &
A

Yejin Choi
AT X2 T FRED A ALE EA]

o2 A

D A3 A5 & o 227 43 Aol U=

=
L

()

=



298 Hsh-Ad- 23t AldlE

0

Aokl HHA QlF X|50] Shstojof T Al Qo] 9AE xtgoM EEE
ojof gkt w|okslt}(o]e} BIslol, Yejin Choi w4 e o] Wi/Ewae
Bosselut et al. (2018); Choi (2022); Forbes et al. (2019); Hwang et
al. (2022); Rashkin et al. (2018); Sap et al. (2019); Shwartz et al. (2018);

TARCE, Yejin Choi ula= o], o 5] of
S} FPEAolE 2ok AP} SR Wl o
/\]—1‘:_;]31]- .ﬁLiLQ T35k :"\_ olo ml= 7‘<1:1=—] ﬁf‘)—iﬁ;]

a8 e a

Az omcﬂ Ao cie xm% GE?PE Ae =ejd Yajo] ohje} dojetn

3
(computing), 18|31 A7 HH
oFoE Al=EGITE HEde

41& ¢ (symbolic) 4] &
oS ol YA HAES ARESI A A BdE Y £ Qe &
5] A2 WHEC] F 4 Ut} 2 oA] EolR[RE QojE E-8ste] AFE Al
250 AAE SEAITIE A2 AT ol BHoM A8 XA RdRe] 7

A
3k Hoj ”i}é(transfer learning)& 18522 A5 A7 FHA Ao

(deep learning - Al 8H5)& A
dofsl/Al=et HEvHeol 1500 %

23 (commonsense knowledge graph)2} 8%

iz
(

2) FE-AlEa 0lF X% (Neuro—-symbolic Al)= A% (neural) ¥ 7])& (symbolic) Q1F X5 o]
& 53510 2129 A S Hsto] 5 (learning), X|(cognitive), F=(reasoning) 2
ol 7psst AVdt Q1Y K5 Algdtctal Eol Henry Kautz, Francesca Rossi, 183l Bart
Selman® 4177 9 715 1% xl% op7|EIXS] & TRt o5 782 Daniel Kaneman
9 A rThmkmg Fast and Slow;9lA =9% F 7kx] T/ Al B8 %*é% d9/gd 7|1 =5t
%} Kaneman QI7H] AbE AIAE 13} A|AE] 29] T 7HK] 942 Aottt A2 12 w2
1 ApsAoln RTA o] BoJAlAo|t) A|AH 2= ¢ v2|1 r;}z]];:%o]u:] gA|Ho|t} A|AHl 1S
e 14 (pattern recognition)oll AHSHTE AlAH 2= AR, AY, S8 Alng tdEdh o &
7301]/‘1 AR JHde A WA 7Y ARE 7P & Aok W, AHEH FES F A

570 UE 74 2 Xl % o Sek, FEek, ol 40 KHgelo] e wobE
Ol—', ARl g 4 e ZEcta A=Y £ = UF Alss T¥ske gl Egsitt
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Choi(2022)° W29, HEE F22 (Vhsd e tijl ARdol sl A& e
2 HEQ FE(discriminative inference)™t €2]) ZFzZPEo|al AYgE ot
EEE F29| 3t Fetslnz (gE nlE FoE HolE AlESt €3 o
£ Ayslr] $lsl Akl FAE a2 st ShA|TE BN 222 53| T
o] Brolle BRF o= AEFFo|ur F/HER]] wEolM Ao i 714E +
(defeasible) Att. RF ZAQl 322 FTA il ARIA AAPE g
ERESheXlol gt SRS vl R|AolM =&
9

SEP} ABA FES oz FRY ), tiebd FE(Y 9L FAFS
= S

Qloj= Tastol Aok At AY Zek ol Sk AHgHs “aeiue]
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/go]  EEohk= WAlolty,  olE E°], OpenAl®] GPT-3(Generative
Pre—trained Transformer 3)2 /33 FAIRE HIAEE Aids7] Qs Held

= ot E4S HAH o2 GAGER] &t 3t Hoj
Yol =BEE T d2hs A/t 217 o] mdle]

H

—

3. A% o] BdojM AT A Rd=

Z|Z Allen Institute for Al 2! University of Washington®l|l4] Yejin Choi
271 FZo] Ho] A mddgoz ¥RHst COMET(COMmonsEnse
Transformers)2 €101, & WYoigh YIAE 245 nlg] Sh&3h AW ¢lo] =
= ©]-&5to] o] Sk (transfer learning) < 5 =2
COMET=> “QIZte] 354 A4 Aol Ale]x SH} &85 SHs
S gIAE O] Wil Al RS Foll EHE IS COMETe| ofH #3=

Ueiohd, o BAe] FHR(E, Fol, Bo] B)3 WA, ulgh L AR AR,

B 7o g =28 AAJsitt

=

oz 9wz PAE oET
I8 B “Gary B2AISH BURE Hobsn A 2 7iE "ojmaie
REERIRAR

=)
7} FoiRE w COMETS SZHF o2 A FES AAgelt. o Al
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<™ 2>-(a) ATOMIC-202001412] = AFAL] AFA] F=2

a7 # 7 e
. A7 B AL U1 28
B U]-/\h:]—
ANAD: ¥ o)z
HD: P27 | oz x | o FroE veg
A R O e
EE . 22 A& upict
. E=g den
OFx A ==
A, . el B Ak FE
X 7|, 2o 9lHo] 9Jgic}
2GHE [ 1|, L merol of
dasg |+ SER Aol ui
AHQ: X 7]
of At} . OFS Wt}
AiEog X | o kg T
£ 0] 93|+ we w
o . e At
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<38 2>-(b) COMET & ATOMIC-20200] &Jal AAE Wl AFAS] AA|5E5)

AL A A FE
S Adgo] glict
AHAD: X 23] UGt

SN, X7} [

otg WS}
M@ X | itk o X7} xlo] iSitk

4) COMETeA Foi7] 270l sl F2& RE0h= A (relation)+= tha 97kx]O]c}: xNeed(x7F B
Q3hh, xWant(28}), xIntend (=3}, xReact (333}, xEffect(Apd oz Zagh)),
xAttr ($48& 28=T), oEffect(AoHE o2 Zefdit}), oWant(F3H}), oReact(FH§3IC}). o714
xE Bl FHE(FRE Fo))0]1 o U (YWHE o g BFo)7} H}
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8E) AEle & 2E 2% HE E7 B5Esk gRlspt 2551 (a)olM ‘X7 53
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1o
E2 dA ML AF AEY Ao/3A B HYA sk vl o Z o
KA A E SES AT BES 55k UAE AW ¢aEgol QI
AN FRA BERE Bl ofolits W5H 8ol e & 3l A
QITFS] Al Q1 A7 HElO] AdAls 958 (reverse engineering)®) 5-&
Sotod, E3] APt fchs AAME BT 0] FolRe W FESH A
o] ool sl W vwr} Fesicty ok ol TSt AAE vlw AR

Yejin Choi®] A7EolA] AUTOMIC-2020 18|32 COMET & ATOMIC-2020
& Fofzl wogel thoto] AREe] 4] FEo TuIste] oF 43% w|Ssicka B
S1aL QItk olZe ofalE AA] ZEof glo] A4F 4] meo] QIzk Lo
Egal] $lste] e Aol MR 21 HolFnl, B Algo] 41 AlIAT
A 4N ZE5H ASE 50BN AR A FE e 174Y B

o W4 FE gueiFo] s Rolcka 2 4 ek

7% 29| ob7|eA (architecture) 4] A% P, WO X2
© AN, AT B e A% Belo] Skshs £ HoleEe] 4

Hofshe & Bl (report)SH= o] ik o1& B Woleil e
RISk Q1 Al50] BAERE FHE Frhw o Sof uhhihs iR w2kl
AN BE 4 ol oS AlEES ofd Ao HPH A S Hgke
2 APgE olsisk Agst] uholth ARFES ofdl Aol ojzie] Adiu o

6) I TE) 2 ojn| WEoix x|, ZeAL, ALY = £ZEYOPL ofFA A5l
AAH FEL 9l olslistie FAoltk thi] Eell, Ala" Fo] ofEA ZEsteA] #4951 olF
BABAL 17171 Sfell AlaEle siRske dgolct. 33t Hake g3dto] H8E = Al
E7SHAIRE o] Hiks GubE o A 71X 712 BAR et AR FE, RdY Y HE R
FE2 N2a"E FEE dYshs ¥ FRE £Hske A Teith 2dY(modeling) 2 4HE
T RS FAEY LR Agske A Uit AR A AR fais BAs] Sl



306 Hah-AMA-23) Ad1E

= ‘Me] Hgk(selective bias)’ °|2k= JEE J=d], 714 sk&S FishH
M 8 golHE JET w, AA| AAolA dojul= AR AZo] ZEo] o}
Uzt AR} Sn|Echal Ak MES 2= o] ok oo wle) Agke

FEU FAEOIA] X3 JRE v o RS Uie e T gRtel gl
et =R A SR A AR eEllEet AdRPER ISk, AE &
o] A1F AlsollAl SRR AlE SHEAIITY, A tif2e] E2fstake
A7) whel, 1F Ale- AAE R dRlolA HIFE daglEs 2 €

o L
gof olgt 2H8H over—fitting) -H¥Iste] EAIE 2 He

oA AgFe] wlojefof| ogt A% ‘FAk S5 (few—shot learning)’ & AEHEIHA]
=it A= HEFS FE0] dIEskal AlAsH = ARE Sohd, "edY]
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Abstract

Can artificial intelligence learn common sense?

Park, Myung—Kwan"

The recent development of artificial intelligence technology as part of the computer
science discipline has enabled artificial intelligence computer systems to perform the
language processing (understanding and generation) that humans alone are able to do.
This human-like system of language processing is called a neural-network language
model, and the Al computer system leverages such a neural network language model to
emulate human learning, perception, and reasoning skills, living up to the original
definition of artificial intelligence. Encompassing learning, perception, and reasoning with
commonsense, this work first looks at recent attempts to develop neural network
commonsense models from neural network language models to practically implement
more human-like artificial intelligence. Next, when implementing human intelligence
mechanically, human intelligence and artificial intelligence are expected to differ from
each other due to the mapping problems the methodology and implementation confront,
so we examine and evaluate the causes of the differences between the two types of

intelligence in terms of commonsense.

[Key words] artificial intelligence, common sense, neural network language/common
sense model, language, knowledge

* Professor, Dongguk University
wx R 2022.12.20. =EAAZIZE: 2022, 12.26. ~2023.01. 28, AREAREY: 2022, 01. 31.



