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1.1 HyperCLOVA 910 22 e

AAHL| ot=20] 4 22Ol 5% HyperCLOVA 210 2=

- Transformer decoder 82B IOj2t0|E| AFO|X
- 1,120 GPU (A100) superpod
- 562B 2r=0{ O|O0|E




82B mf2}0|E{ AFO|X29| transformer decoder

Param Niayers dmodel N heads dhea,d lr
137M 12 768 16 48  6.0e-4
350M 24 1024 16 64 3.0e-4
760M 24 1536 16 96 2.5¢-4
1.3B 24 2048 16 128  2.0e-4
6.9B 32 4096 32 128 1.2¢e-4
13B 40 5120 40 128 1.0e-4
39B 43 3192 64 128 0.8¢e-4
32B 64 10240 30 128 0.6e-4

82B gt - 150B token 7|+ SuperpodOijA 13.44 A8 (&A=
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1.1 HyperCLOVA @10 22 VR

562B token?| L+t ot=0f Lf| O E

Data Description Language Composition

GPT-3 HyperCLOVA
A0 92.7% ot=20{ 97.0%
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1.1 HyperCLOVA 10| 22 )R

Tokenization: Morph-aware byte-level BPE

- byte-level encoding + BPE + @EA 2417
- 7|2 X O 2 hyte-level encoding2 AR (char-levelO| OFL!)
- 22 B HElA 7|Z02 0]2] Lt 0|, BPES ALS

tokenized by Character-level BPE Tokenizer
['D|.7:,'0|</w>l, vXE'»</w>v, vC&l-EH A1</W>', |%|’ '$‘E‘O|</W>', 'Ogl", l%%l,

e |7-"</w>v, v%ﬁdv, 1§ﬂ_ﬂ</w>|’ vg A_!Iv, vOI a|.</w>v, '0"" '<unk>', v_/I\_</w>v’ '&'Iv,
Zl<iws', SHR| B<jw>, T E</w>, b, P, 'R </w>]

sentence o tokenized by Byte-level BPE tokenizer
OrZ+o| & Qe FE 0| Qta2 A » (O, ZOo|,' &, Ot A, ', 'O, otgh 2 A BT R
EHJUD sMol2t o = QU SHX| e gl co|2p, O R, 4,0 QL 120, SEX|Bh, O 2,0 F, ER, 1R,

ZEtR.

. tokenized by Morpheme-Aware Byte-level BPE tokenizer
S rOrz, ol ' QR A, Gl L 0] Qb Bk v, S
gAH Olal. O.lg ' A, O|7| : ol,xll:l} H_I.I J = v,'xal-v,vE'.o’ 'Rl,"l]



1.2 HyperCLOVA 210 222 55
HyperCLOVAZS| ali&l 7] In-context learning

- 22 OierlE FOIO0|E (fine-tuning) 80| promptdi] 2= F01501 A0
D20 A0 ME| =XF 22| ot ofa T L

[ of2le] HO{E &0l 2 HATL|CE, )
> task description

J \

A0{: | want you to learn Korean so that we can talk
to each other in Korean.

BH20{: LH= |7} 5H2 91012 B A BH20i2
Pr0mpt< CHElsHo o ZHI0]. )

AM™ L. © AA

~ example (one-shot)

F04: | was surprised to hear that you are using
Korean exclamation.

| SR | 17} B0/ ZIEHES ALEHCH= 20l =20
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HyperCLOVA Studio & HyperCLOVA API

HyperCLOVA -

Studio
Engine

*®. prod-chimmy v
Top P 0.8
Top K 0
Response Length 32
Temperature 0.5
Repetition Penalty 5

Stop sequences

Enter sequence and press Tab

Ll

CtS2 st BES 7|82 2 o|n[Y S MFe dd7] YLt

0|2 PHIBHH|2.

EZl A7 7= A= 0

M2ACIAO 2 ChS MAOM UHE 5/12(4) 2% 34|21, zoom O] O{HAIX|
Q2

Y 2l FE E-LCL
[gaog'.nNou
g4

oHastA|2,
CHE ¥ 2= FEIEGLCL
AL ct.
i
Of o[ &:
O|-L=1-3|-k"_g_
= A2 421 0|07 | & L=, A7a0fM U8 28-S 5t A Bh=
Op2 TF7Ld72L o|Z0M HEsto] & o 21Yst ¥YS o=l & Ztt= 2
O[AlH2. oA dZ5tAILLR?
aArgct
%1%‘: nokayn
= i
O|'L='3|'k”_.c_?.
Ul 2| stS LT

<> Ot g 2+-d7| v

Rolling One-time Multiple Examples Conversations Calibr:

Rolling Generation

Submit and get results via prompt. (Shortcut: Ctrl+Enter or #+Enter)



1.2 HyperCLOVA ¢0{ RHIO| 52

CtYS HyperCLOVA DEVIEW 2HEES

off £ 2! C|0[Ef= ULt HyperCLOVAZ 0|83t HIX| & St
H=Z BoHR, HyperCLOVA!

- Bring Your Own Data: Business Al 21? HyperCLOVAG|H| 2S10|= E0{ 24t

P =i

1 OtMot AHE OF=7| (Feat. HyperCLOVA)

- |0] 1 4 20]%9] | HyperCLOVA, 1|0|H] HIH|0[E{of 4] CIZA 1ES 32 4 YU 0l

_ OrFr=

=T, O

- X )k!I:II-!Tll- Q

- L
-1

Recommendatior

T A

910

Q=

M, D2W 2|0 AR

uestion&Answering: HyperCLOVA X|A1Q| StAH|N| =M etL|C}

-

x| 22 MY 37

GE 7|¥E F=H: Few-shot Learning and Sequential Pattern based Keyword

- XHCH Al, ‘HyperCLOVA' Ati7|
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2.0 HyperCLOVA =2 % d& A7)0

_L= - Kim et al., What Changes Can Large-scale Language Models Bring? Intensive Study on HyperCLOVA:
yper L

Billions-scale Korean Generative Pretrained Transformers, EMNLP, 2021.

£ P RS Executive Summary

ol=20{ 560B EZ22 = 82B GPT3 2= ch=3MlCt
ot=0{ 2 a&t GPT3E= in-context learning & E7}7? SF20] few-shot AF=O0IA SOTA A= ShASHL
D2 37|0f [2tA in-context learning A5 H{E}? ot=0] £2} tokenizerE M5t 45 H| WLt

prompt-tuning ?|'E& ArEUEL| d5 0| UAALY
No Code Al 7t=d|C}
GPT3E AFRSH Application®= AJHS}

X2 L2 prompt-tuning ?|H=2 ME¢t d5= 0{E7}?

o
I1
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2.1.1 In-context Learning ‘8

Aot In-context learning Ci|O|E{All A 0H

G| OB~ =S Shots
NSMC o738 =& 70

KorQuAD 22X =51 4
Al Hub otg R, Tt ¥R 4
YNAT =N 2F 70

KLUE-STS DA QAT 40
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In-context Learning Z22}: A2 HO|HBIC 2 5%t H=

=L L] 2N S8 BH/Q4, /3t O R 22 2 QAL

h h

NSMC KorQuAD Al Hub (BLEU) YNAT KLUE-STS
(Acc) (EA / F1) Ko—En En—Ko (F1) (F1)
Baseline 89.66 74.04 86.66 40.34 40.41 82.64 75.93
137M 73.11 8.87 2392 0.80 2.78 29.01 59.54
350M 7755  27.66 46.86 1.44 3.89 33.18 59.45
760M 77.64 4580 63.99 2.63 16.89 47.45 52.16
1.3B 83.90 55.28 72.98 3.83 20.03 58.67 60.89
6.9B 83.78 61.21 78.78 7.09 27.93 67.48 59.27
13B 87.86 66.04 82.12 7.91 27.82 67.85 60.00
39B 87.95 67.29 83.80 9.19 31.04 71.41 61.59
32B 88.16  69.27 84.85 10.37 31.83 72.66 65.14



2.1.1 In-context Learning 8&

H|O|E{7} &2 [ SOTA M2 HQl - NSMC Of|A|

Methods Acc

Fine-tuning

mBERT (Devlin et al., 2019)  87.1
w/ 70 data only 57.2
w/ 2K data only 69.9
w/ 4K data only 78.0

BERT (Park et al., 2020) 89.7

RoBERTa (Kang et al., 2020) 91.1

Few-shot

13B 70-shot 87.9

39B 70-shot 88.0

82B 70-shot 88.2
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2.1.2 Tokenization &2 M= Hig}
Tokenization ablation study
HEfAEAD|  bytevs.char BPE 00V
ours
(Morpheme-aware byte-level BPE) O Dyte-level 0 X
byte-level BPE X byte-level O X
char-level BPE X char-level O O




DEVIEW
2021

Tokenization ablation study

KorQuAD Al Hub (BLEU) YNAT KLUE-STS

(EA / F1) Ko—En En—Ko (F1) (F1)
Ours 55.28 72.98 3.83 20.03 58.67 60.89
byte-level BPE 51.26 70.34 4.61 19.95 48.32 60.45

char-level BPE 4541 66.10 3.62 16.73 23.94 285
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2.2 Fine-tuning: P-tuning and LoRA

ole TiiatO|E{Ot HO|O|E: off T QStI}?

- P-tuning and LoRA: 2 210] 225 st5017| ?[otK X|2tel HEES
- 31 Oef0jEE | &L= £40] U= (1/1000 ~ 1/100)
- SH~SN O|O|H = 27 of50] 7SOl

- 2= Oief0[H S ot5ote fine-tuning2t 33 Bt d95 &= 20 EL
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2.2 Fine-tuning: P-tuning and LoRA

P-tuningd} LoRA2| A}0|: 27} m}2j0|E{ Q| 9|

(a) P-tuning (b) LORA




2.2 Fine-tuning: P-tuning and LoRA

H2 HlojJHMCz 25¢t 3

- p-tuningl| d&2 O A2 OB 4 =

L _
®Ne

NSMC of| x|

Methods Acc p-tuning

Fine-tuning 137M w/ p-tuning

mBERT (Devlin et al., 2019)  87.1 w/ 70 data only
w/ 70 data only 57.2 /9K dat 1
w/ 2K data only 69.9 w ata only
w/ 4K data only 78.0 w/ 4K data only

BERT (Park et al., 2020) 89.7 13B w/ p-tuning

RoBERTa (Kang et al., 2020) 91.1 w/ 2K data only

lfgg-;laoth 6 w/ 4K data only

-shot .
39B 70-shot 38.0 M LA
82B 70-shot 88.2 39B w/ p-tuning

87.2
60.9
77.9
81.2
91.7
89.5
90.7
90.3
93.0

DEVIEW
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2.2 Fine-tuning: P-tuning and LoRA
full |O|E{Allof| A =H2 27} O}2}0|E{2 SOTA Als
(@) NSMC (b) YNAT (c) =7t o=2f0[E =~
B LoRA [ p-tuning = — = previous SOTA B LoRA | p-tuning = = — previous SOTA B LoRA & p-tuning (ThH?l: M)

125

100

T B e e o 75
50
25
0

1.3B 6.7B 13B 39B 1.3B 6.7B 13B 39B 1.3B 6.7B 13B 39B
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Model Evaluation

DS O L 2010}

Model Expansion

I;”T_i_!% O_ll:_cl;.)jj.” [=1 PN =1, 7—IO|7|-?

1 O= A L



DEVIEW

3.1 Model Evaluation

Multi-metric

ChYS
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Generation results
in the next page
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3.7.1 Metric Issues

Human evaluation vs Automatic evaluation

- AMEO| A8 B2toh= 40| 21y “E=ohX| 2 H|E 1t A|2F cost?

L

[
- Machine translation E 20| Ee0| [2f Xt F2 20| Cier Y11= 2249}

Papineni at el., Bleu. a method for automatic evaluation of machine transilation., ACL, 2002,

- E Vd ‘ Ud t 1ON M et ['CS Garvacea ar el, Neural Language Generation. Formulation, Methods, and Evaluation., arXiv, 2020.

Metric Target Reference ____Is Better Based on
BLEU Quality Needed Higher N-gram
Edit Distance Quality Needed Lower Character Distance
BLEURT Quality Needed Higher CTS Representation
Perplexity Quality Not Needed Lower Likelihood

Self-BLEU Diversity Not Needed Lower N-gram
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Limitations of automatic metrics

- Automatic metrice| S22 M| 2X|1E X|?|ot= 172400 XX o 2 H 1=

WBM

TER-0.8 0.9 -0.9 0.8 0.9 0.7 0.6 0.8 0.8 -0.1F

@ 5 09 09 0808 07 07 07 08 01 0.8
“ B2 1 0.9 0.9 0.7 0.7 0.8 0.8 0.1 e
‘.’ i) il baod bl o] b bl b Beam Search Sampling Top-k (t=1.0) Top-k (t=0.7) Nucleus
.“‘ B4 0.9 0.7 0.6 0.9 0.8 0.1 o y X s s
"'.. RG 0.8 0.6 0.8 0.9 0.1 0.2 2,40 /./’ /.,'
C X XX X X ESuCENE NI i 2 15 pHUMER s sossaiy | e e s pua B smee ——+ e

u— a
Q00909 O® O - 0505 0 £ 10 /0 - /./

= O
@ .'.“ @ co o8 o2 0.2 S s ./././0 et S e ozt seazezcs ‘ s

MET 0.2 g g o e—e—e—o- L
??????? .? g 77 e 5 10 15 0.25 050 0.75 1.00 10' 102 10° 10° 100 100 10° 10° & o o S & &
: 06 Beam Width Temperature k K S Qo;
P
0.8

Novikova et al, Why We Need New Evaluation Metrics for NLG,, EMNLE, 2077, Holtzman et al, The Curious Case of Neural Text Degeneration., ICLK, 2020,
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3.1.1 Metric Issues (cont'd)

Measuring the model performance

- B3 =33 referencelt H|Wot= A0 2= A0 LA SHS TS| 022

Kannan et al., Adversarial Evaluation of Dialogue Models., arXiv, 207 7.

— AM=2 ol O M= PSP XXXHSE A Ol ©
0{2f downstream task ‘d5= &%l ¢ 22 5= HEHLE SPY = US
Wang et al., GLUE. A Multi-Task Benchmark and Analysis Platform for Natural Language Understanding., ICLR, 2079.

- Downstream task@t HE =2, HE X1A|Q| AN A s2HS It TR QS
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3.1.2 Evaluation Pipeline

What we need are data, model, and metric

Dhol] AFg 8 GlOJE| T2, B iy R 2=, WO X|E X5 HYS A0
4 29 O} mjo|Tatel 25

» »

~ I0
o
AH
O

Preprocess Merge & Load Extract

- Al Hub parallel corpus - GPT-3 model - Perplexity
- NSMC - 3-way parallelism - Accuracy

- KorQuAD - Pipeline merge - F1-score

- KLUE - Superpod submit - BLEU

- Web Text (ko) - ROUGE

- Web Text (ja) - Exact match score



3.1.2 Evaluation Pipeline (cont'd)

Data preprocessing
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- 2 CI0|Ef ATt Q10f 2 SHEOIA BiHSH HIO|E] 1S Tt 28

- 2f task OfCF B 9| few-shot prompt t

Train setOj|A{ HiX|St G|O|E &L

~— Total Data ~

— D% SHA0l|A b
. Training Data - -- -

Cafe X|AlO]

1. 2% QA HIX|
factuality?t E&E|X|

_—_—_—_—_,

|

|

|

|

I Blog  HHTFARA oo LR S MM BHIO|

| § SIABHK| Q2 2|

I ews

| 2 H|Z4AIN| 2%t H| @ IO}

"""""""" AFZHO| ZHAISH IR A
LIZ22|7| <

emplates PHE0r0 B210f| ArE

Few-shot template 71

~ KorQUAD —
XN|=: {title}

X|&: {context}
2w {query}
tred: fanswer}
HE: {query}
tred: fanswer}

> {query}

rE MO

(Ll

{source_lan}Z {target_lan}L =2 HAG|
{source}={target}
{source}=




3.1.2 Evaluation Pipeline (cont'd)

Merge and load model

DEVIEW
2021

- St = &ofl d-d¢et checkpointE loadol?| {shiAM = MP * PP 2t2 GPU?t 2R
- S80I WIL xh 23t T oY A SRS 2f8fl checkpoint merge 4
Pipeline modification Load merged checkpoint
Test model size: 82B
Model Pipeline Required Relative Trial
Parallel Parallel GPU Elapsed Time Count
QU) — 8 8 64 1.00 8
o GPUO [ GPUS GPU16 [ GPU24
9 | 8 4 32 1.71 6
g?i GPu12 JGPU20 P GPU28
® 8 2 16 2.78 1

Model parallel
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3.1.2 Evaluation Pipeline (cont'd)

Extract metric scores

- A BA TS AEoke EAY rank classification A&
- N=d BfAI S X Fo6H2| fIoH =42 tokenization X|&

Rank classification Tokenization for BLEU

* average of 3 random seed

Model input (NSMC)

*test model size: 82B

K| 281X = oter| 2t orxtel =7 HI o=

L Lo L— — —1 0O O--- —
. . . . en
(Negative Log) Likelihood B ko
/‘I’ ------ :O ) .
ooy J |(BB)E BB W 59746
\i(_lf'_xg)i% 2AS M -0.8776 4 Completion
Candidates

Char BBPE Morph Word



Structure overview

Web Text

Data o) Wez;e’“ NSMC KLUE-YNAT KLUE-STS KLUE-NLI KorQuAD KLUE-MRC
( 4
Context Multiple-choice , Translation
Preprocess [ Preprocessor ] Preprocessor Translation API RC Preprocessor Preprocessor
Generative Model Generative Model Generative Model Generative Model Generative Model
(w/ teacher forcing) (w/o teacher forcing) (random seeding) (random seeding)
Inference l l l l
(Generated Text> CI‘ oken Likelihood> (Generated Text> (Generated Text>
v v v l l l
Extract Loss Aggregator Discriminator Lexical Metric Rank Classifier Answer Scorer Tokenizer
Extractor (Byte, Char, Morph)

( Perplexity

Accuracy

Accuracy )

Score

C
)

Exact Match

| J J | [ |
llll ........................................................... l ........................... l .............
) ( )

> C Forward BLEU >
ROUGE > (Backward BLEU>

F1

YRYES
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3.1.3 Downstream Benchmarks

Benchmark detaill

Overall performance NSMC with k-shots
@® NSMC * average of 4 random seed
@ YNAT *test model size: 1.3B
® KorQuAD (EM) *F1-score

@ Translation (en:ko)

/ -— —o © Translation (ko:en)

\

+\
L

o

&__%—

137M 350M 760M 1.3B 6.9B 13B 39B 82B
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Benchmark detalil
Translation with tokenizers YNAT with prompt delimiter
® en:ko (BBPE) Delimiter " /"
ko:en (BBPE) B Delimiter "\n"
© en:ko (MeCab)
ko:en (Moses)

1.

13/M  350M 760M 1.3B 6.7B  13B 39B 82B Morph BBPE Space BBPE Space CBPE




3.1.3 Downstream Benchmarks (cont'd)

Benchmark detaill

KorQuAD with training iteration (EM)

KorQuAD with training iteration (F1)

DEVIEW
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Exact Match

Vil

12k 24k 36k 48k 60k 72k - - - - - 144k

350M
& 760M
® 6.7B
® 13B
® 398
@ 32B

F1

12k 24k 36k 48k 60k 72k -

- 144k

350M
¢ 760M
@® 6.7B
® 13B
® 398
® 382B
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3.1.4 Adversarial Evaluation

I n t U I t I O n frO m t h e T U rl n g t e St Liet al, Aaversarial Learning for Neural Dialogue Generation.,, EMNLE, 207 7.

- AFZLO| THEIS Sof 7|2t MRS 2EoHs Bt H

- 22X}E trained model2 1 AH|SIH 22 M2 £XS)

L
5D
H:ll I.ll.ll:n
D

>
w




Adversarial evaluation pipeline

- GANZ} QASH AXE JpX|1 QJOL} gradient propagationg StX|

- 3421 7h2| generator Z1E A&

Prompt

Train
Context

Test
Context

= o "‘|- = |-| A
of 257|& 95ot= Jl4
Train
Generator f h
Fake Train
Generator —> Context |
Generator
~ / Discriminator
Generator Fake Test A
» Context [~"-"""""--- :
Generator g

OFO

LS

1
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3.1.4 Adversarial Evaluation (cont'd)

Discrimination accuracy

- N2 CHE 37|12 generator 2115 efget #F7|2 real / fake 282 =78
- T2 generator 215 5t 27 7|2 UM test seta 2/l ddE FXIH

full-data trained discriminator, Accuracy 6.7B-only trained discriminator, Accuracy

0.9500 137M 0.9500 137M

| ' ® 350M ® 350M
e \/ —

/’ ® 760M ® 760M
@ 1.3B ® 1.3B

/—/—\/\/\—_\ ® 6.78 e , A A @ o
® 138 ‘ ® 138
® 398 ® 398

® 828 ® 528

0.7500 0.7500
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
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3.2 Model Expansion

Multi-modality

OfO]X]
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3.2 Model Expansion (cont'd)

What we want to build

- O|0|X|2t HHAE S 912 wHopk HAES S2ste DY
- O|0JX| & HHES HIfst HIAE S MAsts S22 HIQE 20| BA

| H2 K| Hog{ st
Multi-Modal a“ﬂ@;;;;;x‘m
] L
Model [
X8 AT Skl A OF |
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3.2.7 Data Collection

Target data examples

- O| D[ X|2} Ltg U= AAEIH A EXMS= IO 22

L L_- O AAL—

- User Generated Contents &, EIAE-0|0|X| pair +=0°t{ abz H|O| B 15

Image Data Text Data Final Data

* unique count

1:1 Blog
0
11.3% Bars
26.6%
1:1 Cafe
20.1%
1.1B ’ 534 M
1:N Total (unigue count) (unigue count)
57.2%
121 El¢ Blog

11.5% 73.4%

Joined Downloaded
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3.2.1 Data Collection (cont'd)

Data Issues

- OtLIe| A EQ| 24 O|O|X|7F 0= B2 = HiXN|&
- O|0|X|E HIAEXN T ArEot= 2= filter-out

1:N mapping O|O|X| =EHIAE L& =& Xl
e = = / D
= ET' L"E:? Q\B
A\ —
A 171 O - ZE*
~—— 7 ]
QES | AYEE HH EHE 22 E2[XH
OFS0] E2SL|Ct of #OPt == AECH 2 B2
BHES Q) M 2| A|TT S RS L|C T 20| HYEA| $30 SELICE
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Image-text pair data pipeline

AN s AN
~_ P A e
Image DB q HDFS HDFS
e K e S
\ 4 \ 4 \ 4
{ Downloader H Uploader } { Binary Reader } { Text Serializer ]
Spor‘l?z PySpor‘l’g

Y

MMAP Converter % Image-Text Join }
)1 rK

Spa
il

NFS




Pipeline issues

ot

H

Sy
hee

Image DB

W
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HDFS

HDFS file quota X%t

Y

Downloader H Uploader }

!

Text Serializer

|

Binary Reader

<<

Spark K

PySpark

Y

MMAP Converter

HF tokenizers rust 314 ML

|_CI)E| LHI:I 10

T HL_

MH|A DB QPS |t

|+

CHE22F dataframe join O+

« ®— MMAP dataloader @22t 0|+




3.2.3 Model Architecture

Model candidates in our research

- Transformer L2 & 270 2 &= HHEIO| =

- Feature extraction0j| At25H=

model= archltecture

42 X0[7t %S

DEVIEW
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Model Size Architecture Info
CLIP 330M ViT (ResNet) + Transformer Text-Image Similarity
DALL-E 12B Decoder-Only Transformer Image Generation
M6 327M, 10B Unified Encoder-Decoder Multi-Task
SimVLM 86M, 30/M, 632M ViT (ResNet) + Transformer Text Generation
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3.2.3 Model Architecture (cont'd)

Final choice for our multi-modal model

runnng  happsly on a dirt road </8>

t 4 2 2 &t T

Transformer Encoder — Transformer Decoder

FEF EPEEr S T ATy £ f 9 ¢ T 1 3
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pila)  patch/text embedding

Zirui Wang et al, SimVILM. Simple Visual Language Model Pretraining with Weak Supervision,, arXiv, 20217.
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Training Is on going

Train loss with iterations Train loss with log(elapsed time)
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4.1 Roadmap and milestones

New task, new roadmap

= ENAZ0f| 2t roadmape CHA| 22X 1D U=
(e g, EL|ET)

(M= metric =7}, DA 283}, 0 & 1012 HoY)
(Data mixing, Modality 2t%, Language 2t%)
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4.7 Future works

Multi-lingual model

- Multi-lingual model2 ?4Af| O 2 2H&SHA| Y1+ S¢! =0F
- "Multi-lingual HyperCLOVA" XM|/40{[A] O] &IeF0]| CHaH XtM[S| 204
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