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(OpenaAl) GPT=3 &7 ©]¥, (MS$ NVIDIA) 5,3009] 7]e] sejule}& 7kl ojmed ‘M NLG’,
() 1% 6,000 7ol dahz ‘22912 Ed2=¥ v (Switch Transformer)’, (HﬂOl%J?le
GPT—39] 108 @3k 12 7,5009) 7o) wer|elE 7Rl "9tk (Wudao, f&5E) 2.0 /M
sue] B, 2021 507 Hlelw7} 2,040 ZHe] m i 711 “stolv| 2 2K HyperCLOVA)', 717k2.7}
3009 H(u&7H B 6,0009) 7H) whziRaRe] Gl (minDALL-E)’, LG AT+ 3,0009) 7H vi7A
A4 7 AN (EXAONE) & 708k A AL del FA& 243}

0 Az 2/ Al dolwde AneZe) AEA, WY, oA § F4 Sgwow s

ol wAlgt AE =T

o
0,
a2
ox
o
o,
re
rin
R
Y
=
=
R
e
(o]
S
)
1o
o
e
i
4
i
ol
)
N
o
:01:4’
O
O
rSL'
re

7} AmE = ke, S4

%, olglofoligo] APgE war, Aol thsl BF omA gesol A 10d Bt BET AL A58
Qo) A3 wegon 195 AdARAE A

O Opean AIGNA 708 Ao] Azt EdlAEw 2l ‘CLIPY DALL-E+ 7]& ¢ o2 d<
SR A FERa glon

yds

7)
L FF SR FA s u7] A%

3o g g Al odo] Azt ERAEN A2 CLIPH WA}GP WenLan, DALL-E9} A} M6 5
H| &5t I 7] e gt FAE A5t S

sje) 44, Akena, ol LG AITE 5 t719e F402 2 WERD Al AEE 28}
3 AN} Az E B A8 F



ol Mg

(o]

[m]

o

Z7{Ci{t

AU AL 7] B9, row B84 A 55 T2l i ohge] dlole ey Shadh A4S
gl S F7F Q7 A8

T Edamo] 7k 2] AL QIefRE 77} 2hie] dEs s glo, thekdh s/ s
T AN T o &

2AY AP dolmde] A, Edayn) T2 B, oy w5 BHolA 84S )
A ATet ol A% APYL Mo

w3, 27]0) AL dojwrlo] <z
o7 A}EE: & 4 ¢l o)

T A <] T:-_E—?:}
HE|2ENE
HE| R A= ofe] 232 ARS Adjslal S9ehs RS shaetal sk 7Iew, 18, W

-
5 %R0z QT IVt EAG

“
=1 2~
=] g_ 6]— QEQF

Q
oft
ot
i

N2 T 220 dolEE ARSsle] Sardls sk sPell A o AN oW 1A

ARl Tt A7 A

Chgeh eI AL A 7R, 53] EdAzn ] V|iks F 2 AL QiR s A7 A5 E
FgekE s Aol v gl Adse] Yehal ols

GO HERES Tl AeAeE sk 2ol A Uil AEHlatent space)©] &

o RS
o5t BAE RS0 oA AL OE BASE U, 43P A AP 1ol A

BN

AtAHA|s ZAHE

& dlog] 7R 2] AlZF 29k JIEA 5 (AGD o= a7 Hsir= 71=A, 4 SIS
Hojxok s, o] & & AAEIL = ARl AT ol AAAT AR Al 7Y

09 27] Aol Qi AT BAL Al Folzl $7] tid e 124t A7ke Gaev,
345 71e15) Aol Z|Eie] R AR St olo] el 5} Bl A B 3
shedl Baw 499 A5H YO AN ASUDEH H2e wy

P02 A AFAE) ANt AP AP} 7Fssha, 7192 Bshs vzl 9jFe] glov
ot A A dnelE S R BT A9 AL AlY) 3RS AT BT QFAT a7
EERIE RS

olgldh A Ws F3l @ Heid 7Nk Al (AW AL HE|RE Al 5)9 A% EAE =5
& Zor 7







D) o3 e

0 47 B
0 A TR ASE 7k Held 7uke] dlofmElel AT AV Q134 )

et S FEstH W WY F5S Wl QS

Ak 2~37F QA3 A1s ATlA 7HE 58 Ede= 24 (Hyperscale) Al o] 229

k¥ 7d, 28 FEH FRE A% AA A= R S AA
2

x Z2{CH Al 7HE & 0|2 o] HA

A

— qjo
]
uz
il
>
]
ro
N
o
N
o

[m
o
o
D
>
>
=2
R
ot
=
ol
&
)
_|
w

AFA s A2 FAike] AAAQ 7% 221 dolH, 74%%, darglFoln o] 7he-b
gl 1E19} AT A AZE o] Ve A4S Hoshs

x Of A3 MAHE CI0[EY, grex| -t I4s GPUR T4 B219C ZBY 53 S
ZAY Al 82 darglF B3 74 4 AAS WEAL Jlas BT or]
A= AR

% 2012 H2id £3 015 2I272| Hai'de THsts D740l 74 3 57HI0MCH 264 H2510
187HI0LC} 264 Z715Hs 20{2| H2lg oy

o

rlo
.
N
_<|>l_,
)y
o,
o,
v
1o
ol
&
olr
1
mO
)
i)
!
1o
J
k1
olr
=
gl
1o
J U
5
o

o ZAY Al =&
3 dutk 9l

of4
N
off
>
@ 5
il

s

e
[

9_,(
N
N
olr
oX,
o
s
&
o)
ful
rlr
X
=
X
1o
=)
N
)
0,
dlo

Seld ol F A7} BololA A2 714

=2 AL A vk 2 7[dE Y 9

% CNNOjIM HIZE AlZH 2 I% Al 12|70 RNN, Transformer, BERT, Z}7|2
7|

DY AR 2 Al 7|22 SHCE 2ol S £ HUZ =Y

GPT-3°l 2&%H %7 41'41 Aojr el =5 olFfslal TS Ao o EEs e S

HolE it ojyg} 203 g7 FolA de Erbo] ol o)Al Axprhx] A4
x Z0) Al SE2 229 2 U2l AHORER ‘FAHfew-shot) 50| 7tsotl, st A|AS

CIA5H 2O0F=2 AO0|(transfend 4 USS ENFCH=E HOIM LA

FEE L oA =AY AUV R AR SAs17A19] 7]s ) =AY AT S

[e)
4, aga Adojx5S dol g 147 Aeore AL ALsta e BiE
A9 Al 78S HedS 7k
FAE Aifoln], 53] Edaxn] R 27| A EdlE %t Z]T—:”?}Z] 7Ht§ 2l %Z]%%

E
E
FgHo Hoe 5 e vlvo] g

Lﬁ
ofr
e«
&
mO
g
)
|\
i
1o
—H
_‘
rok,
=L
rx
)
S
é
FU
JE
o

oe www.etri.rekr 1




271 Al EHIE 2 Ol 24 L

M 2AY AL PES 7hssHAl B 7]s4 vl A F-E =T Al

Qofwd, Telm 2AY 7 Al o2 ek AFAS /149) 8 EAES o)
9w s Adnag
0%e ug

o0 =AY Al ojrndo] S A B 7|4 w7

Aw7HA] Aol gale] & A= AAHAY shgulole el et dAe|s} volH
dgtorn dojrde] eyt shHde A % EdAEH
=

=
o
A
E
>
e
M
EY
e
%

mas A AR EQ

w9 ‘BERT'$} A|ZF X502 EdAyn o]

R

0 2AY Al Aojud S5 &Jug} 7], @

GPT—30] BofE 7] Qloj ey} 2piH Aeat 78D o] 94, 1ejat o8 7|E =y~

mdlo] g8ty = AAA 7195 =AY Al N 44

Aojr o A Al2be =AY AlZF X203 % 2 5 upekst Azf oA Ko
Ayl vzY 2 28 FAE

3 ZAY AV} Bola a8Al T Wk EAlS v o v
ZAY Ale] 224 g

T

HE R AL 7 71 Qlojeh A17kE Al Q1A Al olsfel A Alnshs 1o
Al I

O =7t AlelA HIEH 7]& ol 2 Wk

T2 Fushe T 94 B AUy s He RS
A

270 A} i QA5 o
Sl8) =017k Alsb A9lA s

ko
S~
-
T~
re
-4
SE
oft
s
ro
of]
A
off
1o
=
ot

Adojrdle 54 A1E HRE L] dubddl S Hol=dl, GPT-3L S3¢] shad Aol ez
: .

i
=
1%
oy F
o)
o2



.

o

0 2010\ =4k o]% o] ‘EUWMAEW(Transformer) EE 3} AFHiak ojojrdl
‘BERT' &= A}Aojxe] dA+to] AskdS wheal, GPT-3 5 AW Al dojrdoe] 54
& e T v VeR A

0 EUAYY o]F 74| AL BE dojrde EWNAYEHE 7Hko g Jjdty] 31
RO, 2 Al Bof 5 o AH J97A] EWAEHI) 8= T E Al

Buo] EAAEAE FHOR FFHE FA

8= RNN W45 ARS-8HA] 9L, Attention $HRHe ARS-sto] dlolE|9] WHAeE 3
oA V)& daeFe 4 sk A

(=] o M =
ag 1 EMARY DA AZ ()2t QIREO| I O 25 Of(2h4) ]
The The
animal Output
. Probabilities
didn’t
cross cross
the the
street street
because because
it [ Add & Norm ]
was was
too too
tired tired Add & Norm
— Multi-Head
Attention
Nx
_Add & Norm ]
The The Nx Add & Norm Nesred
aniinal animal ¢ Multi-Head Muiti-Head
didn’t didn’t Attention Attention
cross cross At At
the the . J & — )
street Positional @—69 Positional
because because Encoding (9_® Encoding
it Input Output
_— was Embedding Embedding
too too 1 I
wide wide Inputs Outputs
(shifted right)

* 22 () Ashish Vaswani et al.(2017.12.6.),

(D https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html.

3) Ashish Vaswani et al.(2017.12.6.), Attention Is All You Need, arXiv:1706.03762v5.
4) Edxy O] day ol Al A fitd didt HF RES ANE v JdFZG7L ofE gojo IFIEAE
N7pshe Ao EdaTs ive] Axshe T /le) WAKEER, Ae)E Aael Au,
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Edayr s 8 dlolHE she] dH=E d5sts oA AHe| &Ao] Bhalsh=
SHAIS Hekelr] el AFgalgd Adolx e HFA(RNN+Attention) T, =& A=
(Attention is All You Need)™} 7+o] Attention H|AYUSH o2 183l nulg JHFS

Agstel 4 dolE g Aol AUE 4 U

A

% CNN(Convolution Neural Network): 02| MZE 37|90 A=RE 222 220 EAS
20| 2= Lo Q= 2201 S & U= 0[0|Z] Xe|of] =2 ARRED, He| Doj2l TS
HAE Tefsty|= OfEChs sHAPE US

% RNN(Recurrent Neural Network): CIO|EHE &2t4 o= U280t AHASH | R0 7|AHSE S
AHO{X2|0f| = AREE/L, EEA2|7t O{F@ Y G|O|EE Xelslk= BllE{(context vector)2| 37|7f
D0 U0 HIE0 2L HOIHE YEStks YoM JEO| &A0| Llst= A7t QL

% RNN+Attention: RNN°| _lZ-IE| 37|o| tHlE-|§ )\|._g_3|.;(| OF_T'_ o|a=i E_|-0-|O| Bne AI'EH 2 % 3|.[_
712218 2H(&B)sk= attention HIHLISS 271510 712 RNNQ| E842 =Lt 05| =242l
Ao 2 QI AtO] &7 {2 L2|Ch= RNNQ| 22201 2A|E diAsIA = 2&

| I T

]E

o TEL o@oazm A% mdeEw 7Nk ek Apdshs REl BERT'E 7)elo]
1_01_1{%1,] T,Ci_ L2 HIFH S x]]/\]G)

BERT:= 8% wul& st ad woje ofn s oS8k ¥is R8skl on
BERT7} A9kl ©]F- o]= Qlojmule] g3=ow Aba] ghom] 7|7 S, Slojia], Faa5
T g AN 7)E

x O £0], ‘bank deposit, ‘river bank'0ilAM banke| 20| &2}2|=4|, BERT= bank ¥Hisk 2UiS
0IE3t0] sfie THo12] 2|0IS &27| 2lsf AMoke YE2=2, 7|2 T 012 O] 34| 242
458 29
B ERAEUE T 1o RE(S8], BERT)OlA flof ARdshs 2o 7t &8 e
FomA 2AW Al Qojrde] 5§48 & & 7w A4S AT

T oo |
Language | Fine tuning N
Model the Model Finil Medsl
Large dataset Task-specific Test dataset
(like Wikipedia) dataset

* B3 22t AY

5) A717F 314 =] gloH, %E—ﬂ. el 71 Aol A wojof F o ko] BAE Fetsly] ofHal, T3 ¢
W&l 52 EFel] RE WolB @A Sreb] wEel ARCIANY Bl $4 2L 93 F 5 U

6) Jacob Devlin et al.(2019.5.24.), BERT: Pre—training of Deep Bidirectional Transformers for Language
Understanding, arXiv:1810.04805v2.
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5 okl A CNN(Convolutional Neural Network) tjdl EdlA~Yr 2dlS
]' EHE'La L‘—H—J—- %]\T:r‘

=, o[u|AE A 9= A2k CNNZ G2, H|A(AZ)) EflA = ou|R|E 3lx] 92 A
oA EdAEH QI YHsh= WAo= A

N
g
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-3
>
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CNN vs. H[AH ESHAZH BT ]

{ Transformer Encoder ]

Vision Transf : P&Iﬁ% _
ision Transformer ﬁ&l_‘ ﬁp MM@K;

* Z3f M2t 2by

O =2 VITD = 7|& dojRrolA 288t ERATH 725 onx] ¢4 Fofel
Ao Agat 7|47 oA 16x16 Tol & RFsto] EW N Q5T
A ARE 45T

0]%- (Facebook) DeiT, (OpenAl) iGPT, (Google) MLP—Mixer, FNet, (MS) Swin Transformer

5 EdsEne] e E olul 914 dh Bus A F

B Sl glo] Eglaanle] Fa Haee) ulal, oA ARE ves] e wal
she WA ioq o) shA) P N o) F7b A7 Aashl, A ABH N 4]
AZE A F1ee diAls HAS S Ao di

7) Alexey Dosovitskiy et al.(2021.6.3.), An Image is Worth 16x16 Words: Transformers for Image Recognition at
Scale, arXiv:2010.11929v2.
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ok AR shtel AI B B YRS FH T Arhs omlolH, o= ]lef it e AT
(AGI) T8 7FsAlol st 7]1:]]7} AR YL

0 A7 A E=8k5(Self—Supervised Learning)- #lo]E0] Y= thake] dlo|H 25 E #lo]8-L
s A A Eskgehs HH o, ofn]A] Fokll A A ARSE 7] AlRFete] A
e orje So) RoplNE Ud 4 E
AFA S o] 414 ok BE0]al §2]9] A Zso] 2mEan= §lon, I
Al 228 AVl | 918F o] HlolHE Shastal Haof ghe A glo]5-8 i8] os edsfof
sh= AAARI ool a8
olgf3t FAS sl dstar} sk A7 A =dks( self—supervised learing)& H]A| =8k5(unsupervised
learning) 9] 3 FFE HL TA FEwa ¢S
A7 A 852 Ale] A% (supervised) $10] Q1A 2= P Q1] B8l 9vlE Fof

sto] ssrah W

XD = |

~

dataset (no labels)

pre-training
model

pretext
task

knowledge
transfer

— e - target
— task
s =

target model

* 22{: Mehdi Noroozi et al.(2018.5.1.)

IS 5o, A PESEE ol8sto] ofvA] B Rks AAdsl7] 918, [pretext task Tl A
dlolEo] i el HlolH 2R P2 o|wx|= M= gal v ofulX| vk Ao
"Waﬁ RES Agslal [target task T A ARASlS HEkS 7IWke 2 A glolE-E 7k
2] HloJBE o]88le] Mol (transfer learning)& Fasle] 4ol Sk Sl AT

[e)
*}F A9

8) W2 Al7te] A~gd Wl ol ol&s Al BgolA] Aol ke AlZte] whedd St gl @44
LATE D E
9) Mehdi Noroozi et al.(2018.5.1.), Boosting Self—Supervised Learning via Knowledge Transfer, arXiv:1805.00385v1.

6 JlsyueiIEy O



20213 3¢Y HeK Hlo]AE )0l 3E3k SEERE 139 7l9] slen|e|E 71 AP | A =sks Ruls
TmageNetol| A 84.2%2] A= (top 1%) S RoFH 71& A A L8k g ohed A58 gAJ10)

0 tx85(contrastive learning)< A7 |A| =85 WHH 7he-d] FH 7H ghibs]
Hal e g5 WHoE T 79 dlolg AEo] sl S o]Fo fAMS
SIEE B4 ¥dS FE3e RS s53

5, o] oA ofe] W02 SIS ofulA) 3tS] S wep iche /el
e olulol 27 Hlole) 78] SRS 57, T olullel 27k Hlol) 7] Sk

%ﬂl rhskes REs oy
B3], 31E w7 Aok thx3ks 29 SimCLRID & | w857} 1]S=

Holm & F53 W

ot
j>
MN
lo,
H

rlo
oX,
ol
o

At Bt Hin

,,,,,,,,,
< 1  ASImOLR 2x)
%) eCPCv2-L
g 70F MoCo (4x
5 *SimCLR ocMC ¢ (4x)
Q oPIRL-c2x
< AMDIM
- 65F ] MoCo (2x)
& cpcv2 PIRL-ens
e PIRL eBigBIGAN
% M
% 6ok * oCo
()
g
£ 5 eRotation
55 elnstDisc
25 50 100 200 400 626

Number of Parameters (Millions)

* 22| Ting Chen et al.(2020.6.1))

10) Nathan Benaich, Ian Hogarth(2021.10.12.), The State of AI Report.
11) Ting Chen et al.(2020.6.1.), A Simple Framework for Contrastive Learning of Vis
arXiv:2002.05709v3.
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@ cpr-3 233 224 )
0 GPT—3< 3,000% 7} dlojei ¢} 1,750 7Ho] sfepr|E = ahgeh A Aojr =
A 815 (fine—tuning) §lo] TFeE S4 2ol S5d 5 1
Fo(few—shot) 859 7FeAdS ERIMNAF T HolA 2 gn7t de12)
GPT—30] HojZ SALe 15 A of)e} thaepe] clolel2ie] slerat 2|48 Tkt S-&
Aolo Hog 4 glE(doleky) Ee A M A

2, 2790 Aol RR v} el AFISHES SARE, AR AEA; fine—tuning)
Qo thakt S8 ARl WET W A5

=R E kY (few—shot learning)
s S Léoi}\i 7:]“’]’*4 Eo:]E

B3} GPT—3 2elo] nja|4 oz Agkss 7% 2l

r
o

F

GPT-32] AIZAYIAYEA} Fine-tuned SOTA AS H|Z

TriviaQA
70 _Fine-tuned SOTA

—

Accuracy

—e— Zero-Shot
10 e —e— One-Shot
—=— Few-Shot (K=64)

0.1B 04B 08B 1.3B 26B 6.78 13B 175B
Parameters in LM (Billions)

* Z2{: Tom B. Brown et al.(2020.6.22.)

L

I
fuior

Of0

% geld S 01F, URE2 88 =20 M2 282 4dah| fi6iMe 712 522 A
gl0] A ZFE| Bl 2 QOHOF WS

% DIMIZE (fine-tuning)2 CHEC| CIOEZ ARMSIES 2ES AE([0[SHE)SHs 2oM 7|2 22
MZZ GIO[E{0f] S| 7t Stadts A0IR[2E, DIM=E Al O 2 2|02 CI0E7t 22

cle
=

St
o

12) Jared Kaplan et al.(2020.7.22.), Language Models are Few—Shot Learners, arXiv:2005.14165v4.
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FARIS 0|85+ GPT-32] A 9|7t 210f 20} Ofelz
SOJFCH ZoIM 2272
A 0% GPT-30] BojF: ZAT) Al QlojRale Q1gx|50] 751 Ak AIFAS(AGD ]
A5 A} 7 S A wolE o T

¥ U2 ZV0M 27{0) A|ZY GPT-3 THO| 7H53H BIZO= QM AT 20174 0fF E2ha
E0| 2, Ys IO{Y(BERT), 1211 SIATI0E £8i0] A|REss B S0| ZHH

x BARIDES 9 JHo] OfHRIoRE MES S| MEH HST 4 s AIZkE HIRSH Sk o=,
En
-/

O GPT-3014 F58 e A} w5t 79 Qo] A} 5% ohfel wa, £,
Waha oo BA e AARE wHEold F 9

;

GPT—32 715 Bell o] qi=7) vl ofA o =2 A% tigd Ao = l(LLM; Large Language Models) =
of ] wobe] £ olalishal 25 Adshs el SlotA FolE BA RE, Qi A9
Eod T dojeEes HojE
TSk o] ofE 1] 2 aeye
7] BolFH thekgh tofollA &8 7
&, GPT—-3% 22 ti A ERU(LLM)S 4 ot vl A & #8l7 |z top/A| &8
HAE W7kl g3

% CHHEZL O 20f HO{2HO| AR HiZOIl= T MBuh &2t A0 HiZ|7t RARSH | HEeZ,
S o] CHHZZRE] 201 I O|4te| THEHZ Mo CHSt CHS Of0| o AkS Of| &5t CHtA 210
2% (protein language model)2 == 2HEt kg 2HH0| Bl

O GPT—-3& AlAA o2 Al=2] oS &-g3t g Ao (LLM) /S A|#+o.
ZAY Al A7 gt AHLo] FalE T Vel SH AAS SUskal s

20201 GPT—3 ©]%, MS:= NVIDIAS} g#alo] GPT—3KT} 3vl] Bf 2 53009 7)2] den|e =
7R Aol B MT-NLG, 7= 15 6.000%] 7ol Eohk= 27t Qo el 29| Edsr
(Switch Transformer)’, #|o]4 2134 5ATA(BAADLS- GPT—3¢] 1080l @)= 13 7,5002] 712
e EE 71 (Wudao, 15i#) 2.08 3718h= 5 AlAIF = A AT 7% A o]
AGatA A=A A

% GPT-3 O|: RoBERTa(3%{5,50027H, HO|AL, 2019.7) — GPT-2(1527H, 2ZAl, 2019.8) —
Megatron-LM(83247H, lIH|C|o}, 2019.11) — T5(110247, 72, 2020.2) — Turing-NLG(170247H,
MS, 2020.2)
o] 7. 2021 S0 vlo|#7} 2,0402] 712] u/HSE 71A ‘Slo]HZZRK HyperCLOVA)
717k 3009 ZH(HI78 B7d 6,000% 7H) mi7idsEe] R (minDALL-E)’, LG Al
3,000%] 7 vi7fHSE 7171 CAAI(EXAONE) & 2708k A AL 7kl 215 2243}

il

13) Nathan Benaich, Ian Hogarth(2021.10.12.), The State of AI Report.




Z7{tj Al Ej=

ol d
=

Ol £4

HE

Al 2%(Algorithm)2] 37| &iat

Model Complexity 1

(no. parameters)

Doubling every 3.5 months

General Intelligence
Vs.
18 months for Moore’s Law

Universal Al

Demonstrate Narrow Al

Value
GNMT BERT-LG

Innovation GPT-2

Breakthrough

Alexnet
2012

Resnet YOLO

2020 Year

* Z2{: https://cambrian-ai.com/ai-hardware-harder-than-it-looks/ 211510 ZH2H.

10 7|

o2 zAY Al 7o Hol== o]f AR ZAR
A dHE 93 F7] Hde=F

T2 vl 52 ofu] AU AIE AAF IEYl 34 An]d]] 488

gelshy uAe] tAY 42%S A

202113 9¥ F= A= 2] Al ddojRd ‘9Uhe (15#E) 2.0 02 vHE tAd 5 g2y

(FEEK)'S /s, 2h, 22270, Uig), 58 58 & tdet 58S 34

U LG AIATES AAL 258 ol e} ICT- w8 A% 95541 5 1271 71995} &) ‘Expert

Al Alliance & B3l =AU Al 8381} 7| AA=ES Aslst A8

SHARE A Al 7k Fes)] YeiMs 9 2 dlolefel Hird A

285E T 7Y 7F Axks 9 ) Hojd A

=

FHE Y5 G

ul

—

s iR Aol

() 5 7)o 2 Al Ruld] BEATE AXElS u, g 10y Eot
duglFe] BHEE oF 3571 2ujn Stk Vst o R WA
NEA 5] sl=go] ol HAFE IS tEshs vEeAl] T(HA )R o2} A ES
Fopol| A darg]FubA 7|5k B A4S 2a 1SS g9l
Ago] kbl ZA|eha, 017k] ¥ (k1002 Q) A2 el E@8l= 1002 7119) v issS
7E A Al 22o] 2025\ o] 543 £ e

SHMHNEE 00




o F5& AL dloJe(Data), WEHT(Network), A&A5(AL Algorithny/Architecture) &
DN.A. B Fopol| A 7]ska4 44 o] 8= ar glom, o= <& e 7]«

2 Ak Fofo] YRY A3 ok vpEE Aow HY

i AREAl A== dlolE 571 (data), Yol AA%R= 71719} 717A19] 7i(network), HEEA]

AH S (architecture) 5 olv] 7ehaTAoR SR FAIE Hol S
Al ¢are]5(algorithm) 2] 312 o] ok} ZAgslo] AlUAE

O zlo] HFat A 93 v A= At

oA A3kS- o]77%= 3l

=

Al
s |
AASAE 205 WS

U A Zolet 2] atell 14

TOHDN.A)ONA HojA]= Zah2Q]l 4 AL 71 7199l
Aoz o

<2 LUS H0l= H[OjE|, HES3,

AE R )
DATA NETWORK ARCHITECTURE
mi ® o me
fa N 34.8 Billiot @ ' 3500+ e
::: 29 Billons 28.4 Billior @ i
- A I g% 18.2 Billio GE
° —ﬁ! | | b /x7|h||nm:( 12 iions (&)
o — 1000000 0.5 Bill @.,

4 (2%

2) IDC(2017.4.), (7t2H)) Abdelmohsen Ali et al.(2015.6), (&

22) Larry Downes & Paul Nunes(2014.1.7.)
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27{C| Al E3IE U o|A4 XM o060

© 270 A 39t kst Al

O GPT-3 o]% 3711 =AU Al A7+ 2¥& HH, Z7]d= tAR sksdloly =27}t
Z7VERE Al Rdlo] Aol FolxE HES wola glovt, M} e g
w2 A jAe A EAldo]l vl A%

0 2021d 129 Hrldd=o A Hxe =AY Al AdoJE= ‘13 (Gopher) =
GPT—3(1,7507)) Hrh= 331 MSe] MT-NLG(5,300%] 7H) Hrh= 22,8004 71<]
AR PSRN BEAd HER ol oA 71 A dojmde] s
dojx A7E 5
=tk AoJol3)l(MMLU, Massive Multitask Language Understanding) 2HAol|A] 71& #A1
BES 7Rkl QI it w8 U ke 2E 2Y

MMLU $I2|013 B|AE |z ]

90

e

—_ 70
L) ® GPT-3
B UnifiedQA
] 60
5 ® Gopher
< Human expert

50

40

Humanities Social Medicine General Science / Math
sciences knowledge technolgy

* Z2{. https://deepmind.com/blog/article/language-modelling-at-scale.

0 13k YrRRl=&= 709 719 w7z 4% A Aol RETROE WH3Esh,
olHt} 258 & GPT-3 Edy} & AsS g & Jupar F414)

©)

RETROR= oF 22 7ol Waiz T4 BlEg o vjmalo] Agaelo] Sgahs Balow 2AT)
Al ddoj=2dl 7 H8-5 =Y 7 o] E88s I F

53], RETROOIA AR&Sh= o mlEe]ollA] Al Relo] Sk53 W85 SIgho =M Al REle]
b2 e}

I} TS AN = e 50l e

14) Sebastian Borgeaud et al.(2022.2.7.), Improving language models by retrieving from trillions of tokens,
arXiv:2112.04426v3.
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0 OpenAl&= M =2F WA GPT-3 2 ‘InstructGPTE 231531,
o;]/daﬂ o EJ]/\Eoﬂ/q_rE{ A=< Jqﬂo] _LE]—Q Eﬂ}\EQ,]. 7{2] FGE_E ;_fﬂ-:_} H A E

o T
M) §r3) BB tipo Sigsale] 713 GPT-39] BAIHOE AH5e] & 7
A, A A3, Bod B 5o BAE 4T R A28 5 olvhn 73

T8 85 IS Avnn, (1)
u| |24 (fine—tuning) kL,
(26HA]) Aol thelir] mdllo] 2Mdgt thighs Algte] g vi7]aL, o&
53 v,

(3 reward Ed-S

Ao thal Aleho] LnlE gieke: 2Hdsla, o] HlojgMlos

ALE31] reward 22

7pRro e Aelelie ARgste] Ul GPTE mAIzE

SEA
SORTY InstructGPTO] 35 1+ ]
Step 1 Step 2 Step 3
Collect demonstration data, Collect comparison data, Optimize a policy against
and train a supervised policy. and train a reward model. the reward model using
reinforcement learning.
A prompt is A prompt and A new prompt »
sampled from our 5 e several model e is sampled from
xplain the moon Explain the moon Write a story
prompt dataset. landing to a 6 year old outputs are landing to a 6 year old the dataset. about frogs
sampled.
‘ o o v Y
Alabeler e his policy PPO
. 90
demonstrates the @ generates N, -
desired output 7 an output. W
behaVior‘ Some uer;ple went *
LT Alabeler ranks
* the outputs from @ ARG
i f best to worst. |
e dalals oo W 0-0-0-0 The reward model Y
to fine-tune GPT-3 /M -
with supervised \\se// + calculates a ,}s\\
learning. 2 ) ) reward for \\sa(/
z This data is used RM the output.
EIEE to train our S ¥
e o o
reward model. s The reward is
il
0-0-0-0 used to update e
the policy
using PPO.

* 22{: Long Ouyang et al.(2020.3.4.)

O =2 WAl A W AAE SFel v Fokell €8T 5 e ERAEH
718 A Ado]=2 4l ‘Pal.M(Pathway Language Model)'S 3-7]16)

71 AL 2elo] 54 A9ie & aehes sl duelo
4912 a5 9la) 20219 o] A LuglFow
% Pathwayls 3iLIS] Al SHOIM IS 2198 433 4 U=2 72 7|22 M22 7181t 2
4 olonl, Y, orle, HAE, 0j0)| 5 CI HOlE FAIS ESIE CfF e Jts1)

15) Long Ouyang et al.(2020.3.4.), Training language models to follow instructions with human feedback,
arXiv:2203.02155v1.

16) Google Blog(2022.4.4.), Pathways Language Model (PaLM): Scaling to 540 Billion Parameters for Breakthrough
Performance.
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27 Al E3IE U 0|4 2AM o060

GPT—31.t} o 3uf 2 f59] 5,4009] 7He] 2Bl S B-f-3F PaLM=> =7 ¢4, &) ol
Aot A =2 = 997 2] = 2870l 4] 7] Al 2El ‘GPT—3, ‘Megatron—Turing NLG,
‘Gopher’, ‘Chinchilla’ 5= %%

g PaLMS o] Rel wi|ul= ‘BlG—bench oA 7] el B2 917ke]
=gl AVE Hol=18)

PaL M 258kl 459 =8t A WiX]ok= ‘GSMSK FA' S 58% s 23le] GPT—30] 7|3
71 H3L A5 55%5 L, of-de] et 5 60%0] aFom, vheA] =214 23t sl
ek A7 = A

Aojrrale] As dkioll 9loiA] mlel=o] Gopher7} 712 ZAt) AT B2H19] 15.9] 3HA1S 291
AFEHE, PaLM 29| 7|7} 2545 Aso] Hold F da-s AKXt

o,
?
i

o e HoA

rlr

PaLM 29| BIG-bench 7} 2t )

Normalized Preferred Metric (

Performance on 58 Tasks . Performance on 150 Tasks
________________________________ ; i
g |~ Gopher S-shot 270 PaLM 0-shot
—— Chinchilla 5-shot o —<— PaLM 1-shot
GPT-3 0-shot 560 | e paLM 5-shot
ol e (;P:l\-n?:ol-ihcit 550 —== Human (Avg.)
a -sho @ Human (Best)
. —4— PalLM 1-shot T ] D e———————————— Rt o
—<— PalM 5-shot ‘v
40 =
~== Human (Avg.) & 30
=== Human (Best) E
20 5%
€10
g BT 2
-—"‘*"L.‘ L =

(=]
o

108 10° 1010 10t 1010 1011
Model Parameters (Non-Embedding) Model Parameters (Non-Embedding)

* 22{. Aakanksha Chowdlery et al.(2022.4.5.)

o

20 Aof 2 PalM & AR 722 2022 68 AdojA 2] woks Hol FH
& (Quantitative Reasoning)©] E 3t 43 #A|E & 4 A+ Al B9, ‘1| =n}
(Minerva)' & 3 7H19)

HUEHRE PALMES: 7|ko s PREIRlon, Aeiofale] Rl 3 5} TS AT AR-S
sk olalste] AR FEd Y2 Rkl PHFES

T 118G Woh 73 9l =) volelS vl 2nlol Sg5A1Zom, rl|Erks e

AG oJie 7 olE weeslela Wash NS MY FAS 2

Hn

17) Google Blog(2021.10.28.), Introducing Pathways: A next—generation Al architecture.

18) Aakanksha Chowdlery et al.(2022.4.5.), PaLM: Scaling Language Modeling with Pathways,
arXiv:2204.02311v1.

19) Google Blog(2022.6.30.), Minerva: Solving Quantitative Reasoning Problems with Language Models.
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AeAfso] g7ek4] F=20] 7Fesh | flelrdi= A
g el vdl=nks b e

sto = TR Al le Lol defsle] Al 7181E

BA ofle WA, F97H

| =

o o B

STEM 7t Z1H0f2H)20)

-

Question: Assume that the variance of the
first n natural numbers is 10, and the vari-
ance of the first m even natural numbers is 16.
Compute m + n.

Model output: Let o2 be the variance of the
first m even natural numbers, and 72 be the
variance of the fll’il n natural numbers Then,

mc=1 7]

we have 72 = =L and o2 = . We
solve the system ot equations:
2
=1
n —10
12
m?—1

— 16.

This translates into the system
n? =121
m? =48 +1=49.

and m =

Therefore, n =

Question: For every a, b, b # a prove that

> ( )

a? + b2 a+b

2

Model output:

azi2b'2 S (n

by 2
5
a2 4b? a2+b2+’lu.b

o gt 5 eite
2 2 o a?+b%+2ab

- a’+b° > —

<> 2a% 4+ 2b% > a? + b% + 2ab

2 2
<= a" + b > 2ab

—>a®+b>—-2ab>0

= (a-b*>0

_ which is true, because the square of a real
it ' number is positive.
Model MATH MMLU-STEM OCWCourses GSM8k
Minerva 50.3% 75% 30.8% 78.5%
Published state of the art ~ 6.9% 55% % 74.4%

* 2. https://ai.googleblog.com/2022/06/minerva-solving-quantitative-reasoning.html.

0 3hH A o] vH=E AU AlQ] AR A A H o] & g8AY} A TS )
57] 9150 vt A7k AAEE 7hed, 3 AT Ale) A 44 s
Hojygoy = HEEY Alo|] +&5& 48
HE R Al QITE #59] g 243} fAlekA shue] wiAYSAA Tt A5 &
A0, ANHOR % W Al |%0] Uolrlok & AT Wiolst w4l Hof
A AAH O R 7P TR Qe AT AIE St 11Re] 448 HElRd Ale] 2
Azl & o2 S B JoE 7y

20) MATH: 125380 =59 st&A], MMLU-STEM: &8t 38 48t E2 5354, OCWCourse: MITlA

AFe gt =5 FA, GSMEK: 255 5 &4

TRk TR Wale] daels Sile] Feshis

O @ www.etri.re. kr



27{C| Al E3IE U o|A4 XM o060

v7 5o %@L@Qz—a NIl B2 olafelar 1%, e

QIFre] Q- AAIE olaliehr] flell AReg HaL, AdE =i, AE 27)aL, HAlE 2o
e B s Rt Zél‘ie =34 oi /\F‘-’“o}/\ of, @Al EATol At JAEA T

o] FA oe] 0] HE| cﬂolaa—% o A 9w, aRos
93k A2 "ol g FE21)
T8 Sfjof ou)d A= el §
L e 2 £ ws Kol l W%—t— &)

_,._.

o HE|2dg A2 g (Multimodal Machine Learning; MMML)S o8 72 AW E
Aelela paz 4 Qs RES S Ages AR, 58 Al 7hx) Ro
(%8, W% 44, §3, ¥535F )X 714 & JA7 EAE22)

= A the 220 HolEE ALgale] SrREle AEhe HA0A Al ofw waew
EE A o QT o}

o o5 = A
mERERY ZE|ZY OidleidE flst T 71R| siellls ]
2 Bt EE] g e
(representation) (translation) (alignment) (fusion) (co-learning)
ElIXMO|] ™o Cl
iy | (e oa|E|7t XA FE
ERQ.‘ - Heot =AMy KA =23 oz

G)Jf’i"t representations: @ Bounded translations:

[

@ Unidirectional co-learning:

Representation [ Findton: \»

- ]
—— | Modality 1
| Modality 1| | Modality 2
Modality 2

8 Modality 2

Coordinated representations: Bidirectional co-learning:

Repres. 1 4= Repres 2 Open-ended translations:

' ;s
Modality 1| | Modality 2 | Modaity 1wl vl lwa] =

Modality 2

:

* 22{: Tadas Baltrusaitis et al.(2019.2.) 2t150] A SHE

0)4
rﬁ
-4
r

Hr
13
0x

21) /1 rEg g S dedests Ay 23187 98] 22229 (crossmodal) ]2 goE ARSIV E &
22) Tadas Baltrusaitis et al.(2019.2.), Multimodal Machine Learning: A Survey and Taxonomy, IEEE Transactions
on Pattern Analysis and Machine Intelligence.
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o HE|EY HAlZ S Q1] A3 g A4 dE A Adlola|-F2, AW oS &
A7) =AT 5 vde 871 /PE7bA] &gk A7 AP E L Qs
(S14 e B4 Amaron A215F 21 B0 ol 83 col < AR £ S

x)

A2 sakel 4= 9)= Audio Visual Automatic Speech Recognition A|Z~ElS- 7j23)
20210fM AZ0| At SHF0IA Ate| & RS 27} AFBSI0] 34 QA S 7St

21FE Lip Reading 7l& Al24)

(4 QIEEA) EUS| EMPATHIC ZRAEE= 37, BIAE 55 Sh8slo] Ae] PS4 sl

=159 594 Ay AR AeAe-S AT ¢ e Vs )

x 27| 244 2 ds AlZ{O|LE EIAE HEDRS O|23OLt 2[20jl= A2}, 2zt HIAES D% 0|25H=
A7t sz Qe
(d8tolal-5=2) Allen 174 *qu B ARE AR tis] @S 3235k VCR(Visual

Commonsense Reasoning) 7|42 7]26)

 DARPAS SIAE, O[0[X], 84 SORSE| AlZl, 4B SHASHe THE7HIZE ARl oz
(23 %) 9% AL 719 Owkin'® AR A2, 27 63 AR, A dlole] 5 94 Assh
choyet WElwe Holel2 B8310] Bl ol Ft AL alSehe AT A

% Univ. of Arizona Health Science= Ctefst CHZC| HIO|ES &AIZE 0|85 =2 Y&t 455
Al HE|DE M AAHIS HYsHe NSF ZR2HES 2

212 JjEi27)

1
.
o

k)

A} vt Aol M ek AA Aaks AlgstAY el Aitell AL
thelshar AeEd o s "HERE Al 937 i 2 A8 ARls 5%

T2 202010 1Y) Q. Zel= HALS- Qe Uy 7] HE|RY HHE T3 ENAYY 25
AA§Ia130), 20211 Google J/OeIIA 7571 o] d<] loje} oux] HIT]Q. 5 Tt HHE olslsls
HEj g £33t el ‘MUM(Multitask Unified Model)' S 37}

oj}EL- Echo Show' & HIESH 4 12 A9AE o2 gele] HE|=E Al tnlo] A2 7fdtslo]

Aol EAIBkL

23) Georgios Paraskevopoulos et al.(2020.4.29.), Multiresolution and Multimodal Speech Recognition with
Transformers, arXiv:2004.14840v1.

24) https://www.youtube.com/watch?v=1Po0—rvPqmk.

25) http://www.empathic—project.eu/.

26) Rowan Zellers et al.(2019.3.26.), From Recognition to Cognition: Visual Commonsense Reasoning,
arXiv:1811.10830.

27) https://www.darpa.mil/program/active—interpretation—of—disparate—alternatives.

28) https://owkin.com/machine—learning/multimodal—data—integration/.

29) https://precisionhealth.uahs.arizona.edu/multimodal —sensor—systems—precision—health—
enabled—data—harnessing—artificial —intelligence —and.

30) Gabeur et al.(2020.8), Multi—modal Transformer for Video Retrieval, ECCV 2020.
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20204 GPT—3 ¥HE o}, 270} Al Qlojmalo] noke 52k Qlolofs) 522 Eae-n] mele]

S TP S HE|RY AT AT WSk °

53, Eghestn] 2] 7]ikslo] Qlojsh Alzjolekz Qlzle] thEAe) 712} HRE st ol
A2k B Gl ole] g Aol BRI 98

O TR 17 RS At} AT 91 HEIRE AL 78 2T QA5 FH0E

A2t Asg AT U g soblEe Jed mas B %

A2t dolE A A2 Folxl AlZE ojnfxjof] thigk BlAE AS ABAdSh= Image
Captioning, % Az} ojn|x|e} HAF GXE || Zmdl] H@doh= Visual Question
Answering, BI~E FAjo)E o] 85k orM|T) Q. S]] M, A7} HHE YIAE o) ALRSl=
Multimodal machine translation 5©] W34
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o)
IR

2 VQA(Visual Question Answering)¥} 7+o] o]m]x|<} 2
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31) https://openai.com/blog/clip/.
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o] it Bde] 7IE WA 9 oS AkR Al ] wkiel] BlolE sl thet A1
1

CLIPel = olujxle} Bl~ES 2 glejgho @ AMSRe tlz Si(contrast leaming)2 5-a5h=
Igel|A] o|m|R|e} BIAE S gd3te] #lolE 31k A As

CHZ B2 = 7Hol ClOJE(] CHsh 222 ER0| £5H=7] Oz 2 T8 4 YT E DU Sste
YAIOZ CLIPOIME HE O[D]R[9} BIAES CHZ510) UONL} HEIFHAIS ER(Of T2I0IM 1EH:
NHel Ojojjet BIAE #o|et N7fo| 2ol HDet L] NN 7Ho| 74319l 40| ZAHE
CLIPS 3iS OIDIR[0f TS N7 BIAE St 7}20| 712t WAVt 2 HIAES 24 B22 Metstn,
M2 HAE SHE 2715 AL0|T DUS ABHESHA 40 M2 Ak 2 (zero-shot leaming)S
2845HOfY T20M 2614 N7H 0|0j2[2] 220] CHet EIAES 8BS 242t O[D[R[0f CHE HEHES

=, CLIPL o]r]A] Q157H 9} HIAE QISIHE AR F#dsto] HolE AEClA] ofd o]n]x]7} ojd
BIRES} S o) F=A] oS — o] FARS ARBslo] (LIPS AlRsk w7712 418k — HlofE] AlE)
BE SUE U AR 22 A0 Wgkelal YA SEiE oS — CLIPS Foi7l om|«|¢}

N e A A5

CUP 3t 2+ ]

1. Contrastive pre-training 2. Create dataset classifier from label text

Text

[ |

aphoto of Text
—

a{object}. Encoder

I, LT IpTy, Iy - I, Ty

I LTy, LT, ITy - Iy 3. Use for zero-shot prediction
il T T T Ts v
mage
Enceder Is I3T, IgT, IpTg Iy Ty

Image
Encoder

—_— I I, LT, LT - Ty

Ty LTy | InT IyTs « Ty Ty {

aphoto of
adog.

* Z2{. https://openai.com/blog/clip/.

CLIP< o8¢5 A7 A3 ®H, vedst sPA(A, A1) & Abgte] Bololl= vlsssivy, HlolH
EAo] g 7€ &7 EdoAE B 4SS HDAA 8 45E Hos(UUE
RESNET1013} H|ask o} 18 %)

SHAIRE CLIPS Ao E)7 s 7IWhe R 7o, S8} oW A7} EAlel s vl X
AAFro = Blo| 1] & A (typography attack)ell FeFeE £AIE =%

f
.

x OE 201, Aol IST 2AI7t 48l 0I5 02 At O[0|R|= FAISIL SHTE 14

20 7|
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CLIPZ} RESNET101 AS H|m ]

IMAGENET
DATASET RESNET101 CLIP VIT-L
t -
| J 2 76.2% 76.2%
ImageNet

| : 70.1%
ImageNet V2

o ) (A P —
s E i ¢ —

ImageNet Rendition

s L 1l [ <

i 72.3%
ObjectNet
A I
- N\ . //' ﬁ — ——
— o (k@ . 25.2% 60.2%

ImageNet Sketch

* Z2{: https://openai.com/blog/clip/.

0 3FH OpenaAl®] DALL-E'+= GPT-3 EWAXH X5 ALR3EIo] Bl ~EZHE
oln x| & A (text—to—image)dt= 7S F3Y
DALL-E+= GPT—37} &2] Qigho s BB} ojulx| S shte] HloJe} AER o R thgof Sl
groza HAEQ] Y§i} ojuA|E o] AL A

x DALL-E= OJ&7t AHIE2 ©2|(Salvador Dali)2t TIAL| OfL|HjO|M 2&(WALL-E)Q]
2,5008F 7| EIAE-0|0|R| 42 S50 2|2 1202 Jio| Mi2i0|E{R RAE
DALL-E&= 98 HAEZRE 7]Eo| §ld A2 o|n|R|E AAdslal, 8l~Eo| ysly tofo]
omE FHsk= oA A (IS B0, BIEe] ¥3R $1A] IS ofdlsl on IS AV delaL
54 dolg x3shs 1 onAE AA)

|IO|I

g0

Hu

% DALL-E= YUE 210{0f| EHOH 0f2{ 42| O|0|R|E W' d5k= YoM, OpenAl2| E CHE Al 2
‘CLIPO| OIDIZIQE Y-S FO0is10] 0017] HE 1Yo 1Y

f
/e 275 B9, DALL-E= A ool AAlE s<skA| Auixletal v 53
ZHa1, A3t Y 1 5 AAskA 283 4= ol s, TR, als 5] ZokellA gl
olo|tjol2 AANER= T o BE BolA 4 75Ao] 7)ulE
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DALL-E 222 ]

TExT PROMPT @ can of soda that has the word 'gpt’ written on it. gpt soda. 'g p t'. gpt
typography. gpt writing.

AI-GENERATED
IMAGES

text proMpT & small red block sitting on a large green block

* Z2{. https://openai.com/blog/dall-e/.

O VATT32)+= Convolutions AHE8HA] ¢ EWAYT 25 7|HNEOR QU] Q. H|t]Q,
HAEE Hgtor 3= HE| Y )% <5 (contrastive learning) &% A7 A =
AL 83 (self—supervised pre—training) 222 34
oAl B APdSE RES vt Q. T2 i, QF @ AR i, Al A HITL A, o)A
55 5 downstream task33)ol| mf-§- 953 A5S Wl
Zree A4S VATTE 7|JH4os ore. HLlo, HAE & w a Wz e oy
(modality—specific) & AFE3l =& AeS WYL E35 ] o] B3 EWAYHE ALSslEEl
T8 e S A

G Shbe] B EUSENE AHESl] WERE RS 7

ik
¥

A= 7he /s Bols

32) Hassan Akbari et al.(2021.12.7.), VATT: Transformer for Multimodal Self—Supervised Learning from Raw
Video, Audio and Text, arXive:2014.11178v3.
33) pre—trainingdtil o}W A= #1437 Y& fine—tuning FTH9A, A s EAS downstream taskEtal HE

22 o



ETD = )

Multimodal
Projection Head

Transformer Encoder

VATT —’[ Multimodal Projection Head ]

1 1
1 1
1 1
1 1
1 1
1 Lx 1 video audio
! | feature feature
Transformer Encoder H MLP e :
Modality-Specific OR Modality-Agnostic : :
1 Norm \ NCE
T T 1 i loss ——
‘ L T 1T 1 d i 1 ; |
Extra Learnable ) i ) ) i - 1 1
[AGG] Embedding D [Q ] L . Multi-Head H
Modality-Specific Patch + Position Embedding 1 2 1
I Attention = —
T —— {1}
Linear Projection Linear Projection Linear Projection : : MILNCE /[
(3D RGB voxels) (1D waveform) (1-hot word vectors) : : foss / \
W “Sled dogs running on the : : EEEEEE
snow pulling the sled.” 1 1
i Embedding 1 text
Input Audio Waveform Input Text : : feature

* Z2{: Hassan Akbari et al.(2021.12.7.)

0 Yril=+= HERY FAFs W, TFrozen' S 53 VQA(Visual Question
Answering) TA|NA] Fo7 Aio] go] 73 7]eS AUl

L

Frozen B)2~E o]]e] Aol thelrls= St
AE s 913t HH o s
Frozonol A AIQ¥el HE| R 3kt W2 o9} BIAE -5 o]8a}e] APdslss qlojnido

- _
T =S o

des BolFA B9 71 27 Al lojrEle]

_

AAe 9~ES YT

|.ﬂ

% XS0l T 0j0j2|9 ko] HoR stslLL UTH SISE FOIS 0f2f 0|D|RI2t HIAE Ao
anxoR ojgs

o]5 53] VQA It oz} B 7ile] aA] Zdfew—shot)& 7L Z190] tieh @& ARl EEhe
THE HojF
EEREN Frozeno| ZEIRS Balsls PR(2%) U 22 FIQEZ) )
A small red boat on the water
? T T t t } T % t | Model Completion
EanguageModel % Frozen Thiijﬁ:rsho? N miiszrs;r.‘ b Thi: ?ii:an /| @. <€0s>

Self Attention Layers

[.fe
eSS

»)  track, overtaking fly across the sky to h 1 building, unlock the door
Vg other cars and taking somewhere on the other | these I can - /7 and walk right in <E0S>
corners at speed side of the world

Model Completion

T This was invented 5 . " he Wright |
A This was invented by This was the irig!
N by Zacharias { i | brothers. <E0S>
'UQJ} Vision go Language Model Paa— ﬁi Janssen; Thomas Edison. invented by
Encoder Text Embedder — e
T

T T T I I ‘ T T itk & thasy i s o | Model Completion
S = Wit one of these With one of these T can —

S can drive around a take off from a city and \’A ~ With one of break into a secure

A small red boat on the wate

* 22 Maria Tsimpoukelli et al.(2021.6.3.)

34) Maria Tsimpoukelli et al.(2021.6.3.), Multimodal Few—Shot Learning with Frozen Language Models,
arXiv:2106.13884v2.
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oo o
o0 =29 gE Al o] A EdAEN dA4ZE= CLIPY A8 WenLansd)
DALL—ES} fAFE M636) “5-o] Sl&

gz 85

- =1

WenL AN CLIP¥} AL =70 Bl o] HE
< (Contrastive Learning)& A3
% WenlAN 27| HZ42 O[0|Z| HIAE 4 3240t 2 20|0, &
2= 109~1009 2

rejol, CLIPe| Hl3) 7refsld

AY 2= S o)Yo|0, TH2t0|E
M6 300GB 115.9] F=o] BlAES} 2TB 7159
% Me2 Ae 2

20 =2

olnAE B3 vE HE| Ry APAE: 2d
MOIM 7|12 H= Chd| VQAOIM 11.8%, O|0|Z| ZHMYENIAM 18.4%, HIAEQ} O|0|Z|
O§2I0M 10.3% O|AH 43 Ase Bl

o =9 4%, 7B,
HE]Re Al 7S 70@}6} AAL A 2o = EEl

FEe 1L 2021 129, dkold Edlw Al dojnd ‘KoGPT ¢ AU HE|RY Al

minDALL-E'E 37shH @& 7|& A &4 5

% minDALL-E= 1,4002He| BIAEQL O|0|Z| M2 Sdl| AFMERGSIY A4l

HloH= 2,0409] 7Rl ]E’L THEE 7 A AL Ao 24 HyperCLOVAE 7i&h H
oo, 2022 4¢ HE|R k) AAE A M smpEdl= e A8

— = =176
LG ISl 2022 12, éﬂﬁH wE| e AL EXAONE'S 2748k A% A7, s,
5o ol 491 1% A7t el meehe Ale HREE HEEY Al 7|E TS

El
3}

35) Yuqui Huo et al.(2021.3.11.), WenLan: Bridging Vision and Language by Large—Scale Multi—Modal
Pre—Training, arXiv:2103.06561.

36) Junyang Lin et al.(2021.3.1.), M6: A Chinese Multimodal Pretrainer, arXiv:2103.00823
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A=A AL Q1of 29 At BElo] sy 5 SeM s Fe
o m AFulo] glon, afAdvl Hakd S oo e vlolH =R SF
228 A= Wl So] 2938 AT o|qrR A|7])E

R

o

BERT <lojielo] Akl o] 9~ Eqiazmo] 7uke i 274e) Al 1oj=sl 377} 2his] oFofA]al
o, TRt s/t gz Tt o] ojele] kR AT el B8

=, AP B8 FHoRhs 2k AL Aot Qofes T AFs vt Egtele] AME s
g 27 HElRg Al A e

(E84) 2T ARG Qofmdle] 84 FRE Edsmn] 2,
ol 4] AN gare] WD

=

=
ol

9

ol

T2 G84) Q= 7] ARASK: RE(BERT AlE)S Hojalidel SHAIE Holar t)sr] 7]9ke]
AREls RE(GPT Al9)S elojolslol] thel SAIE 7H|aL 9= vk, Al ARl o= Bl
¥uo] elay -tz T AHAE JiMEE AFE A3 et S

2 g8 Qlojrdle] gt x)Ale- el o] wl$- 54 (implicit) -2 3=~ 1ol], A7kl
g} Aap) gl Bl thgo] o7t
S5 G 84 o] Abdsly dlojrdls: slaly] SlaiAE vk B kel dlolEle}l Y
ZARdo] Aol e AFRTE ME §8421

(APH) A7 Z2AY Al dofwle: $58 A Aol B} o} 5] ALY
FAE AT Q3 B Shrdlole] Al 719

AL 8ol Bt volels B 49 Qo e S4E Aow, AlslHom Eashs Al
dlolelol Wedslo] A} Hlole] dvs AL AFE S e

HlolEl Q1% A AR vlole] T2 WY, Tele B A B, v Y 5 ko]
7144 thgel Be

GPT-32 115t 2Z0|L |alles 2IZ0M g0 Cish 20| AL, S5 S FHAL I--0l|A

25 24 YOS E2i2lAER JHGHs ZFS BOUIE B

37) 9£3.(2021.2.18.), Pre—trained Language Models for NLP, Pattern Recognition and Machine Learning Winter
School 2021.
38) Fobes(2020.11.9.), How AI Can Go Terribly Wrong: 5 Biases That Create Failure.
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27{C| Al E3IE U o|A4 XM o060

o (X4 ) GPT—-3& At Al edojrdlo] Adut ol Fx]s(AGD) = WAt 7}sA4S
04 oy g ZEAHC ATl A g4 A4 e
AA] A Al Q1o do] 17k} -2 HEJE|A] 58S HolF7| flaia= ARdSs o]9]of

0 A AL % 2AY WERG Al AF 7hw] tEHS Qo] Az EdE)
BYe Aol S S EelH o AW B A% A7t Be

AA) Aof Azt HE|RE Al A7 7159 AdojAsellA de] 8511 Qb= ERAYT 25
THo 2 olojo} Azt HlolHE B X8

T 71 As HE Y RS e Adehs o e Ay} AT Wkl SAPE

0l o.
AT
% EFHATID 7|8t X2} 2|52 F%, A0H2| ZOMfA HRE|0| = EHALN 20| A2t EEE

E H 7
elot= 2FY0IM 712 CNN St ‘é 2| U2 ZHo| &A0| gHlEt 4 QI A2 2R (architecture)
2% (unified model)ofl CHSH 7HY Te/d0| A7 |H

0 A5 S ol AW oA ZAa-7H(latent space)o] &g 7HsA FAS
A5 oG R es T, G ZAJA7F gk avleo] Q%)

S| olEl(QIO /A2 S A2 o4 He] Aol By ] AR (gandarity)
oI} 27] uhel, shte] AT N AN B ofele] EAF

A o] el AL G e A0S s AR
R R Y e

171 78 A1, 91e] o] FAkERIeNA ik Bk Bal HolHe) AE wE 4
= A 7FsAel i ole] RelAl olo] ele v 98

M

EIM J\]

N

x GASOIA ALk ofl: (20 ZOF) ‘king - man + woman = queen’, (A|Z E0F) FZO0t Q=
o2} - BZHOP gl At = ZZOf

39) Al 8ol AFEE = dloE = AA| EAe= AMEY A3He AA e 218 ZA7 3 A ¥<=(latent variable) S
AbgeEt, AAEFER Y AAME (latent vector)7F A8 TS A F-7H(latent vector)o] 2k g

Sy



O A1H2|s Z2AKHE

ZAY A= 718152 44 daloz lsalan old tste] HE|RY Al A9
A2 Sqla Agsle] 71 Al darg]Fe] 274 IS VsH o S5 The S
HAFY o, =AY AI7} ol ol FA 502 WA YEAE o|HT} 2EAQ]
71eA, A dAE SHHF &

74 S o Bl el e, Rt Ankst ofelR, ARl B 87 ol Sow
7% ks B8 S5 7bse B

A g QIgAse] Aejohs ARre] eulE ofallohs ol Al T2k dEAl, Alske QA
Mol w2 EAE 71 Q1345 (embodied Al 5 @A) Held 2ok s Al=2- g

oL

OE
-s
o,
fo
—LI
rlr
1
Hm

A|75|EII- | EHgIZ_-! %IEi.IE_l ‘—E=l O|Z| |Z—I %I-ﬁ ZFR

AlZato A Sk 22
o YEUY| ot
1882 Top-down?0)3t Bottom-up4!) S YEA2IS St etgat wH2 2HA
=
JIEH S | e DT U AH US| SHA

71 GOJE] 7181, 2, A8 ROl & S21242I0] Top-down + Bottom-up 22
S thiy Y22 S5 920l 19ILE Ase4 T8

o L
SOiol 2 U [oI SiEe} DHO| Y U At SE Y

. 7I5 BA<| stA|
-T2 tPHA-HERIZ] SO S8 HEROE S8t S HAS2 S84 ==
° OIDI Ofst 2
RSSOl A2lole 27t O YL <ol Off At A& A E= AFEE Tt

Z0]| Cifet 2J0] & @QI LA, i, =284, S4-2H, A5 A S THfet
HTAC| JHE A Ste-ddLt 059 28E St 'S YURIsts s3)

o Al=272428l(symbol groundl ) 24
7|S30] Q17| (rF2lof| ofafl 7SS FAZCZ
{0

Mg o7 .
HEEZ 07 Mo 1T VN U 4 AE

te 2RY)0il Chet ofo| 2A| (F=eiEl
(571 UiAehof Cifet oo 24|

TII

=

° Agt ZA
YE} MAIE HE(CQIDIZ Q)37 ffs LA7F BR5ICh= Agkel 1] (embodiment
cognition) 70l THE 22|, 77|A1A S S8 At 2S2ls (embodied Al)

* Z2: 4zlot 2 (2021.12)

40) A7k, 9o} 5 o] B4 715elA Aldtste] F4 9147150l Bl W J)5 B9l 3F AEAgel Y Y
Al el QT Auke A4 ) FAsaA s AT gk

41) ¥E Tk A Aol 47 1k Qe T2, )5, AnAe HHL AT Agele] AAY LA
ARG A B AT 0,
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™
2, AR WA Al Folz] 8700l tidk e A2kl A2k Bagshe, St Z1elat 1]
7hkele] gk} A1 Stslan olel wiel e B2 A3 FEE Fashed) Bas Aol
54 744

o) A mle] BRI AT, (2) AV, 2
7o) WAUZ, A9 F AR 5] WA AL AFAE A FOR TR
el e S Fol AiAs A AR @ el 7Iuie] ks AL HEIRE AL )
Wlo BAE G5 R0 7))

o AAAE WA Al @ AFASE] AT AAT F U= gl Ak, S 2]
AeAo]u] T ot 7o) that W, 71ele] 1%, A2t See) A B
S7lo] 710, 4714 BRI & 13H 53 sl 4 AR B

A= e dg

dlofefol] 79ke: il Ql= AFe] 8l AT el tigk A3 Alet7t 7Fselal, 71ohs
sl vlie]e] ef=to] Jlom, tiifi e AMd darels s S8l A HlE
Hold = o= Aol &

A BAL Al HE ek 845 5415 A8(bottom—up)3kal, =715 Fdol| T8+
ARAE 3L QFA Tl 8351 (top—down) & AFATe S 5 71s

o5 B3l 2= AFslo] A 0= Slssal, WA ekor 71949 gie] flo] tikel A9ts
w23 fAsH Held = JE T deATE IS F US Ao 7

oA & 134152 Amkrt B4 fredstal A A 17t Jeakgslo] FYgo=s
ANZH} FEap I ofEt QI ARS] HA| o]olol] ek Wekow W AW

42) 7xlo} £](2021.12.), AmAS] FAF AAA s BAF Pt dloTg] 7]uk S 93t F9F Qe A, HRIASEIA] 2021
43) BREA7189719(2020.12.), AEAS &AL

28 o






27{c] Al EIE U o} 2XM sz
=*
@ En=s

0 LAz

Axlok £1(2021.12.), AEAL] F3 AAXG BAL W} dlo[E] 7Pk S S 9 lE
A's, AR A] 2021.

ARE4171837k1(2020.12.), AT 71EHAR.

0153.(2021.2.18.), Pre—trained Language Models for NLP, Pattern Recognition and Machine
Learning Winter School 2021.
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http://www.empathic—project.eu/.

https://ai.googleblog.com/2017/08/transformer —novel—neural—network.html.
https://ai.googleblog.com/2022/06/minerva—solving—quantitative —reasoning.html.
https://cambrian—ai.com/ai—hardware —harder —than—it—looks/.
https://openai.com/blog/clip/.

https://openai.com/blog/dall—e/.

https://owkin.com/machine —learning/multimodal —data—integration/.
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http://www.empathic-project.eu/
https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html.
https://cambrian-ai.com/ai-hardware-harder-than-it-looks/
https://openai.com/blog/clip/
https://owkin.com/machine-learning/multimodal-data-integration/
https://precisionhealth.uahs.arizona.edu/multimodal-sensor-systems-precision-health-%20%20%20%20enabled-data-harnessing-artificial-intelligence-and.
https://precisionhealth.uahs.arizona.edu/multimodal-sensor-systems-precision-health-%20%20%20%20enabled-data-harnessing-artificial-intelligence-and.
https://www.darpa.mil/program/active-interpretation-of-disparate-alternatives.
https://www.youtube.com/watch?v=1Po0-rvPqmk.
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