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Abstract Recent deep learning-based research shows excellent performance in most natural
language processing (NLP) fields with pre-trained language models. In particular, the
auto-encoder-based language model proves its excellent performance and usefulness in various
fields of Korean language understanding. However, the decoder-based Korean generative model
even suffers from generating simple sentences. Also, there is few detailed research and data for the
field of conversation where generative models are most commonly utilized. Therefore, this paper
constructs multi-turn dialogue data for a Korean generative model. In addition, we compare and
analyze the performance by improving the dialogue ability of the generative model through transfer
learning. In addition, we propose a method of supplementing the insufficient dialogue generation
ability of the model by extracting recommended response candidates from external knowledge
information through a retrival model.
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1. M2

A Z9lE Aol 2Y (Pre-trained Language
Model)o]sk, Transformer[l] 7% 7]¥to. 2 tf-839]
o] AHAE B9 AP shgE XS ged =Y
olch, tjFE9 AAojA 2 A Ao BE9 54 o]
T 7129 4] 715H2] E= BA 718 A" 3] H]
off 3A = Ao ERloh garo] AAojA Y A
M= & TEAE AP T5d LE IiY
(auto-encoder) = tZH (decoder) 7]4Ht9] <10
mdo] A

QE Q7Y XYL vEOFE Sh= Qo] Hd2 %9
o] o]g] (Natural Language Understanding) &of
(e.g T 4, FA 57, A &4 B)oll oigt &
g = didshd, HEHS=E=  BERTHA]
RoBERTa[5], Z18]1 ELECTRA[6)7} Qitt. E3, 22
o ko] 7|9t Qdof Heo] o] o] 5 BIIE
st Wixjut= ol KLUE (Korean Language
Understanding Evaluation)[717} HHEHA], Z}<lo]
OJ3)E HIFOoZ st o EES tist vhdat A
o] AA o]FojA1L Ut}

ti ByZ 7|9o R oh= ¢lo] e Aol A
A} (Natural Language Generation) °F (e.g. T3},
714 ¥4, 29 ol tist BAE F2 &7, 1 F
O &= GPT2[8], GPT3[9], 18]aL BARTI[1017} Atk
F| A Fopol A= tiald B4 Hd= ARgst, A
% (chat-bot)2& AltS HESH= Ao F&EstLL
AUtk 55 A7 = 2A o] B4l GPT39} &
AHotolA= W IT 7|98 A-7lo] 7S s 22
LS FARSHL Sl

I3y 9] gheo] & DA E HE R o
S5 A4 Edo] Addo] B4 5H9] FofollA ojwt 4
5= Holm oFdE A YL Ao g AFAQ v
I EAo] EAjotH, /A A5 g Hlo|Hk FEst
o} E3] A9 gharo] B4 HE-2 oA g o
o 7heet 222 &3 24 A4 AT & ofEe=
AY 3L glow, AA| Abgro] A/dst= w3l vl tha

2 =52 gheo] A8 BEE E8sto] 7P g 2
& Q= "EE 78 2 =9l s} (Open-domain
Dialog)oll tist Al 5 Flggsict @& =HQl tist

FoME G 2dof] FHHE AE 7T A%
i} 715ke] FEd glolEAlE 55k, Aol <
&oto] 8 K49 A3 vn BAg 181
29 (retriever)& B0l AFAC] #5535 2% djg} o
B2 E #-39 (semi-golden statement)ol] 3jE5}
© 54 SIS FE510 A 2d] s A B
< AQkettt.

ghro] 7I5ke] HEE HolHAlS B4 RdE &8
oF Ao ARGANRLe] AT AEE Aslet, 7] o
99 ASR (automatic speech recognition) AJ2El
(11]9] FAAA & H3} g 7o &-8o] kst
ot &3t Z7] 319 (auto-regressive)[12] A E9]
YR Qs BAISH | ofEle B4 Axtof o,
AN ndg 53 24 S-S ASHHA AJEs g
o9} SHAE Fofrith

2 =70 S U 2ok A 2780l A B
9 7]9t i3t At 555 Afst
HAl =3 Aok 2d-g Attt
i3}t A ARIA S0l A4 HEO] 52 H
gte}, wiA|g 5304 = o] BE ol gk AES
At}

o oflt
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O =

-

2. st=0| ZEE O3t HolE 7=

A/ o] 2 L]l disfiA SgHoR A8
ol 7ksdt 24 el dis) FEo= 2HdH HlolH
A2 EASH: B, SAH O wi2H oo Hloj
A2 EAHA =t 7180l S71E 4% disket &
ARt FAIE SRcke BEE HolHMeE HeE &
sto] AwEohd, &4 HEYD AH|2 (SNS)IIA F
ST 2 AFE izt HolgAnT 52 24 Ho
E|Al2)0] EARITE. o] F SNSOllA &3 4F dist Y
&2 FAEe TPt 2AEC%E At v A
st Bt okl 7 1071 wvtoZ 712 Hed o
g ShEol]dle RS Aol B, B4 A
t 2} o el A% Bat W} = 15700] AR HH
o Agg HHoz 49 faijl g & = o
sl A3t 34 sz B7] ofHt wet 2 =5
< dEdor 744 249 9& Wt Empathetic

1) https://aihub.or.kr/keti_data_board/language_intelligence

2) https://github.com/clovaai/ClovaCall?fbclid=IwAR2rL-qcvv4zBV
dKxJwulv19Nn8UnG3n_JPzZwljfk6PVscMgTGZHGI3L2Q
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Table 1. Constructed dataset statistics

SelectStar ED_kor
# Dialog 5,692 618
# Avg. turn 10.73 5.70
# Avg. length of turn 18.25 33.66
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Fig. 1. A case of multi-turn dialog dataset
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of Fx 7Fs? o A4 HolHz AMgske WHe A
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3} 7123t0] 79E WESE E5) A4g BeAAo] £
SEE AL ofe 54 ()7 o] UL BHL 7§

G TeIE BA olF AH WY 0F Agstel 1A
golgulol2el T € WS L AT of7
oMM ne U B EASH BE B ol A5
ojulstel, koh b 717} BM25 A4 2L 93t ol
o shetelE 1290752 A4ei B4 WE 7
Hel 54 PP wo] BlEso] Sgshs /(g D)%t
ARA WSS uisie DF(g) 9 AR F4
5.(C. Q)2 gty

)

5.(GQ)
~ S rg) - O o)
i=1 7 g O +Ex(1—b+bx 'C')
avgCL

3.2 Poly-encoder
2 =woAe 2- #E 7]¥ Poly-encoderg
HA AX wdg  AREsit Poly-encoder:s
bi-encoder®} cross-encoder?] 22+ A4S 183t
FEE AU UTH206]. T 2D Ho|EH|o] A
EAoks FET -FH2 bi-encodere} 2] shte] 43
HE 2 Hegt} Y tigks L9 dol& Ad WEE
#ASH, st I HEE tA] BASHs T4
LY Zol& Ad Y e} AbHo] u|get THT
HEE attention FAFSHA], cross-encoder®} FAFSH
gralo g sh&sitt o]FSh W2 cross-encoder®]]
T e Eol‘:ﬂ/ﬂE bi-encoder®} H|5:9t &

€ Atk Ao) g o4 H9E B 49 &
wo] 22 9 o 43 2

Sd = yq M yg (2)

£(e), g, stoftﬂmr(z/ * Yy, v Y, (3)

_z/q :Zsofmmx(ccl o Dyy e h\)h (4)

gt Ao "41’5]1 XLiﬂx—q.‘ﬂ E“"O ‘/}Q*HL £4 ‘i‘ﬂ‘ﬂ
cc® TR B AHgQl y 5 2319 attention AAF
o Z+7t query® ARgsto] UEhd Zxto|rt.
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AN 149 g5 Hn AFES 28 ddld 24
w2} BM259 poly—encoderoﬂ s %
Poly-encoder? 4% g5 7hs3t ot HE AY L
U= B oA ks A& ShofA thy idtof A9t
S HIELE S ST} Table 204+
vkt Anko] A4 WHAeo R FEet A4 171, 2
A, 570, =3 10719 SHF FollA AA| FHol &
gEo] poly-encoder’t BM25Et Z+z}
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Uebdtt o] gt AE Hlg o R 2 =52 o Higt
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Table 2. Performance of retriever for extracting
candidate answers

Hits@1 Hits@2 Hits@5 Hits@10
BM25 6.19 8.75 12.26 15.14
Poly-encoder 22.37 29.65 39.81 44.68
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A 22

Ade 9ol d2ld ZHYYEE Pytorch 1.99
Huggingface Transformers[27]9] AFd Z3d zd
= ARERTE S0l A4 BdE= 125M9] 7Y o
EE AU fiHekE Ad 2Fo= 127) s=9
go]o}E Ad KoGPT2, 183 124M9] 9 mtatn]
B o} et fFE Bygo] 2+t 67 loloie} 1674
9] JJ=& Al'd KoBARTE &3}, #o] gk #Ao]
A KoGPT29] & stolu| mthn|El= batch size 00,
initial learning rate 00, AdamW optimizer[28], 1
2|1 training epochs 002 A&}t KoBARTS] 7
fol= 5e-5, AdamW
optimizer, 12|31l training epochs 125§ AR&-s}al
ZF Rde grt glo|gAle] disf 21 452 Hole &
H ALE 7|0 R v AYE AP} E3, AY
FHAoflA B =FEL2 RAM 378GB, 18-core Intel
Xeon Gold 6230 CPU, 1g]a NVIDIA AG6000
(48GB) GPUE AM&3Tt.
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Table 3. Comparative experiment on the performance of multi-turn response generation. We fine—tune
models with our constructed dataset (w/ FT)

Generator Retriever BLEU3 BLEU4 ROUGE-1 ROUGE-2 ROUGE-L BERTScore
KoGPT2 - 0.05 0.01 4.51 0.68 0.39 50.89
KoGPT2 w/ FT - 3.60 2.20 15.91 5.40 15.72 67.00
KoGPT2 w/ FT BM25 4.26 3.19 12.16 4.73 12.02 63.50
KoGPT2 w/ FT Poly—encoder 4,29 291 17.52 6.40 17.39 67.34
KoBART - 0.27 0.08 5.58 1.38 452 55.09
KoBART w/ FT - 4.67 291 17.54 8.13 17.15 67.55
KoBART w/ FT BM25 1.2 0.51 9.53 3.1 9.1 64.92
KoBART w/ FT Poly-encoder 3.03 1.55 15.41 6.45 14.99 68.65
42 24 23 ¢ gE REE B9 EES 0k 5 2719 ¥
st Wstol] gt Qlo] mEPS S5A717] 3 & 7ML HIEPEE AgRit
o] A4 2ol KoGPT-29 KoBART Z&hg -8 A4 2dg o8 o), g1 Adae A4S 9
Wt oY HUES 8Y TuA] AT GAAF o Ye-BAF(@-blendingl301¢ F71A. o 3

Sagete] glolo] Alel e st Alefolct o)
F8to] oz wak 44 g amo] Mo sisAlIE A
o] B2 SIS o) WekE ESH Thste] wee
AZSHIL o] Teiste] HAT WS AT F Y=

= gt AR g HolEse N9 s D 74

=t
A29) Bk D= (1, ug) o 20] T/ W3t
s Zetn @ W, zEe A i) o4 |

Upyoy = {1ty gy sty 1} O] BEZ AIBAE YO & Hho}
AFA 8 w9 EZE dste] z|gq
(Auto-regressive) WA 02 SH53tT}. o]of tigh S5

B Bt 54 69 2t

I
L= — Z 1ng6’<xi | Upy g T1r oes xl-,l) (5)

i=1

1: @A | 9 £20) Zol2 o, ok 42
B2 oujgith = B2 AU} FolRE ),
E20] tfat dlo] 2EYL Ssate, ok nde)
sebulEg ofnattt 2EL oleld B4 4 A
sleleg shashelA ojugt Hstold ol thsto) o
o] ot A2 ge A4sA Het

1o

rr

Lo
oy o

4.3 Chat M

st dlolEfol gt o] sh5
= tistof] ik EHE B &
g3 ofmet AT FoRE

P, mdo] A4
% BRI

=S S |

o] ohS EZ0) o

£ ol

1
fu

ol HetulE e 4 mo] 2 U Bolo] %S
e E2ow uhE 914 A4 olF Fsto] 44
2EL Folxl Wilo] YRE AAAYA HPES o
ST B =RANE 02 052 A4s0] Ay 2
Bt

Ol

4.4 ¥X Hit

A 299 A B7HE fIsiA 271 A AR
ofe, e =g AA Ag 28 AelY] n-gram F
A oy FAIERE 2 BRIt

A HAZ n-gram S S 440 FeHQA
FARHS B7hshH, BLEU3119H ROUGE [3218 AHE:
gt} BLEUY ¢ 3449 284< 2433 Jeart
Aot Ag 247 FAHA=A dis] Brleka,
ROUGE:= AR £42 2431z Fejart dupd A4
24T AAAEA] disf H4steich

T 92 ou|F A= BERTScore[33]12 AME:
Stof, 9E 3o e £} gvpy FHHoR &
ARgH QulE AL QLA BRI B4 BEo 45
ZF g7t A#7F Uepd S Qe g9ol ARl
ZAog ¥ ouFog FY 7Rs3 thokel o
ARESITH34].

Table 32 KoGPT29} KoBARTO] tigt Hlw A9
ZA3E Uehdch AdS 9fs & dlolE 219,0477,
HZ oIy 4142270 183 B7} Hlold 6,872709]
st 22 2egiod, deHY Hi3t g 47
52,209, 9,789, 3,2637/12 FAHEEA E YYo=

o
=

=

(9]
o
il

=
o
He



18 =geistal=gx HM133 M1

Y% 279 stoly mEH|HE 283k

Xd F2Q 499 2= n-gram $HY B¢ A
9 ~ o 149 o]%9] At FH= AB/dot= AR
4 FE7F thA A= Aol At wEbA HE
A A7 FpA o wis| BLEU ROUGES] H47F &
of. e 35 A4 SET AY 2 Aol9] oulF
FAtEE Hdo] Wgt JHE A&HH0E [ASHHA,
HId 22 452 EAt

A BM25 A HdE Addsle A F 7R A
d B4 F8H R AN Aol AUAA L7,
Q35lE B4 ndo] S FE B0l FEARI dF=
& 7107 Holtt KoGPT2E poly-encoderd &X
SH= oY AlEAY 2 B0 HIAFE o 7}
A 2 g Helrth. 18y KoBARTY 45 23]
poly-encoder® EsI= F20| n-gram FHol|A
22 A= UEhdth ol=gt @2 Hiy Ry
A GPT29] 722 Qlsjel, 27 Bgo = %t
Ht S &8o] A4 Bd9] o] AAdet prompt
T+ template 9 A 2 7271 HHoR
PAEo] o] FASE Aoz HRITH35,36]. HHH
KoBARTE= FH gHo| Y8 Al@Ao] 23te A=
2 IgEEA, A ¥ AN AR
targen)? AlEA F AL IATL
(source+semi—target target) FEZ A TH 74
<= HlojuywA Bosizith o]& ?lsf targeto] st
ot WA Azto] B 127} Bokgsh AGRS Ho)
A n-gram 349 B7} AR A Aol stEteith
SHH, on| A FALEE 7|WHO & Sl Bt X]iiﬁ]/ﬂ
L AN nde 885l AQoL Lmil QA5 3
SH0] o= SHol we oA 23 2ol qu"i——
ABstdA Aol aF AFeth ol#st Ak 5.5
A AEE Bo 2 FEQ HIPE & A Hs &
g o] WA AR WeZ 286t Qa2 4
3 2 9o},

A5 Ak AP SeE ko] A4 mdlo] o3
F4 99 o)) HEH ozt ozt SHolA ojEE
= XY YSE UERdiTh £ A4 229 A5
]:[‘,]-Eq-/q /\ﬂ/\-] ﬁjﬂ-o" ]:H‘é‘]— 7Hk] 7]—-‘:/\-].9_ =k /\ O] : O]
2ot Q4SS T AN TEY Hi3E AP &9
APt 2L A ndo] Wg S Hojzxt} _‘11‘;',]

A HE o] s s sl S SRR

e

l

(source,

rlr ru

o A

F

O

r—Ll

o]

ohjet W2antel go] the S FEsted] | A
T A 7] U Holelo)x o] Basieh

45 My AF

Foj7 2] upet mEo] A4 Axto] tfsto] Al
HFE X3t KoBART w/ FT Poly-encoder 2
do] 95t B4 A= 55 13 2ok o Espt &
o, o]of tiste] st AHsfiFE X oF
= e §59 7y Zo] E4% digk 49
olop7| & AAAHA U7k ol AMARE sk
U3E Ao = Stk o] fjo= Hd2 87 FAt
AL S 5 DA Histel Histo] AAAHA WIE A
ot 2HE HIiH

B FojRl 24 2] wEkA] T2 A HekE A
Jot= Z2HE HQloh ¥ 442 KoBART HEZ ©]
_EL—‘ﬂou:] ﬁjq-J:_ Fig 29} 71—@ _‘lgjq. 71—0] ﬂAﬂEEﬂ
= BlA FET E-AEE X 24 = FA
?J%E = EE“O] oA "ﬂiﬂr ””E“?_ st} A4

filo

o
o, e a0 e A9 A9 HaS A
speaker 0 7] Bo| ol A a7
speaker 1 7] o] 5 oF o}
speaker 0 T4 9lo] Qo AlAd g
speaker 1 28 AR AR SO UR AZ ol At AR,
speaker 0 3| A oA o}A] ghfjo) A7t a?
speaker 1 ) 2hjjo] A gt 12 A Ho|a Aol q.
speaker 0 (gold) olm 2o]olS uh-A gloA7ta?
condition 9lg 7l2 A= At 27} et (0.32)
response w/o condition | Zhjab wo| £45HA 70l Q.

response w/ condition 7o) 92 gl Hg 7} ghta?
/ €% 2=

Fig. 2. Generation result with or without condition

5. 28

H =820 glato] YA Ry} 4
HeE" 7o) o= Euﬂ‘ﬂ s} (Open-domain
Dialog)o] ti3t A2 AP AT1E Qs YA =
do] Qutdoz AL 7psst 27 st 7|ute] W

SEEELTEE



0x

H
ne
i=)

oY
1=
H
I
fjo

olgst B20 HEIH ST 44 @7 19

o,

ofs
el

l>

Tole g TEAT. 123 FRT SHE 35
A4 welsh 755 Wed dojgAles Ho| o
Z18Yst A Ecﬂ_,] A vy BAGH) %
FolAE olds] BT H5g aA As] A9
WA D o2 A Bl BA0] e PR
S HolE o] e BT Aot EF, A&
Hlole 574 o)A Ft=ol HeE TisiE A% A2
A g9 2Eg FEst0] Ao} A4 Aol wA
olofubzhaixt ek,

rulo fr o

e r

tlo Mo

REFERENCES

—

A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L.
Jones, A. N. Gomez.. & 1. Polosukhin. (2017).
Attention is all you need. In Advances in neural
information processing systems (pp. 5998-6008).
DOI : 10.5555/3295222.3295349

[2] J. A. Bernard. (1988). Use of a rule-based system
for process control. [EEE Control  Systems
Magazine, 8(5), 3-13.

DOI : 10.1109/37.7735

3] C. Manning. & H. Schutze. (1999). Foundations of
statistical natural language processing. MIT press.

DOI : 10.5555/311445

[4] J. Devlin, M. W. Chang, K. Lee. & K. Toutanova.
(2019). BERT: Pre-training of Deep Bidirectional
Transformers for Language Understanding.
In Proceedings of the 2019 Conference of the
North American Chapter of the Association for
Computational Linguistics: Human Language
Technologies, Volume 1 (Long and Short
Papers) (pp. 4171-4186).

DOI : 10.18653/v1/N19-1423

[5] Y. Liu et al. (2019). Roberta: A robustly optimized
bert pretraining approach. arXiv preprint arXiv:1
907.11692.

[6] K. Clark, M. T. Luong, Q. V. Le & C. D. Manning.
(2020). ELECTRA: Pre-training Text Encoders as
Discriminators Rather Than Generators. In
International Conference on Learning
Representations.

URL : https://openreview.net/forum?id=r1xMH1BtvB

[71 S. Park, J. Moon, S. Kim, W. 1. Cho, J. Han, J. Park
. & K. C. A O.]. H K Cho. (2021). KLUE:
Korean Language Understanding Evaluation.
arXiv preprint arXiv:2105.09680.

[8] A Radford, J. Wu, R. Child, D. Luan, D. Amodei. & L
Sutskever. (2019). Language models are unsupervised

multitask learners. OpenAl blog, 1(8), 9.

T. B. Brown, B. Mann, N. Ryder, M. Subbiah, J.
Kaplan, P. Dhariwal, .. & D. Amodei. (2020).
Language models are few-shot learners. arXiv
preprint arXiv:2005.14165.

M. Lewis, Y. Liu, N. Goyal, M. Ghazvininejad, A.
Mohamed, O. Levy, .. & L. Zettlemoyer. (2019).
Bart: Denoising sequence-to-sequence pre-training
for natural language generation, translation, and
comprehension. arXiv preprint arXiv:1910.13461.

C. Park., J. Seo, S. Lee, C. Lee, H. Moon, S. Eo &
H. S. Lim. (2021, August). BTS: Back TranScription
for  speech-to-text  post-processor  using
text-to-speech-to-text. In Proceedings of the 8th
Workshop on Asian Translation (WAT2021) (pp.
106-116).

DOI : 10.18653/v1/2021.wat-1.10

K. Gregor, 1. Danihelka, A. Mnih, C. Blundell & D.
Wierstra. (2014, June). Deep autoregressive
networks. In International —Conference on
Machine Learning (pp. 1242-1250). PMLR.

H. Rashkin, E. M. Smith, M. Li & Y. L. Boureau.
(2018). Towards empathetic  open-domain
conversation models: A new benchmark and
dataset. arXiv preprint arXiv:1811.00207.

S. Robertson & H. Zaragoza. (2009). The
Probabilistic Relevance Framework: BM25 and
Beyond. Information Retrieval, 3(4), 333-389.

DOI : 10.1561/1500000019

S. Humeau, K. Shuster, M. A. Lachaux & J.
Weston. (2019, September).  Poly-encoders:
Architectures and Pre-training Strategies for Fast

and Accurate Multi-sentence Scoring.
In International ~ Conference  on  Learning
Representations.

URL : https://openreview.net/forum?id=SkxgnnNFvH

T. Wolf, L. Debut, V. Sanh, J. Chaumond, C.
Delangue, A. Moi, .. & A. M. Rush. (2019).
Huggingface's  transformers:  State-of-the-art
natural language processing. arXiv preprint
arXiv:1910.03771.

I. Loshchilov & F. Hutter. (2017). Decoupled
weight decay regularization. arXiv preprint
arXiv:1711.05101.

S. Wiseman & A. M. Rush. (2016, November).
Sequence-to-Sequence Learning as Beam-Search
Optimization. In Proceedings of the 2016
Conference on Empirical Methods in Natural
Language Processing (pp. 1296-1306).

DOI : 10.18653/v1/D16-1137



20 s=g@istsl=2x| M13H H15

(301

(34]

0| & S(Hodong Lee)

S. Roller, E. Dinan, N. Goyal, D. Ju, M. Williamson, Y.
Liu, ... & J. Weston. (2020). Recipes for building an
open-domain chatbot. arXiv preprint arXiv:-2004.13637.

K. Papineni, S. Roukos, T. Ward & W. J. Zhu.
(2002, July). Bleu: a method for automatic
evaluation of machine translation. In Proceedings
of the 40th annual meeting of the Association for
Computational Linguistics (pp. 311-318).

DOI : 10.3115/1073083.1073135

C. Y. Lin. (2004, July). Rouge: A package for
automatic  evaluation of summaries. In Text
summarization branches out (pp. 74-81).
URL : https://aclanthology.org/W04-1013

T. Zhang, V. Kishore, F. Wu, K. Q. Weinberger &

Y. Artzi. (2019, September). BERTScore:
Evaluating  Text  Generation with  BERT.
In International ~ Conference  on  Learning
Representations.

URL: https://openreview.net/forum?id=SkeHuCVFDr

S. Gehrmann, T. Adewumi, K. Aggarwal, P. S.
Ammanamanchi, A. Anuoluwapo, A. Bosselut, ... &
J. Zhou. (2021). The gem benchmark: Natural
language generation, its evaluation and metrics.
arXiv preprint arXiv:2102.01672.

T. Schick & H. Schiitze. (2021, June). It's Not Just
Size That Matters: Small Language Models Are
Also Few-Shot Learners. In Proceedings of the
2021 Conference of the North American Chapter
of the Association for Computational Linguistics:
Human Language Technologies (pp. 2339-2352).
DOI :10.18653/v1/2021.naacl-main.1815

T. Gao, A. Fisch & D. Chen. (2020). Making
pre-trained language models better few-shot
learners. arXiv preprint arXiv:2012.15723

["3)2]

-2018\ 8¢ 1 Aol SYAIE
Slofels, AlExl) @ Aosl)

- 20189 89 ~ FA| 1 4 SDS AZE
o] ApAoiAfe] QAL o]

- PAJEOF : Natural Lanugage Gener
ation, Weak Supervision Learning

- E-Mail : bigshane319@gmail.com

0l

=

Z D(Jongmin Lee) (5]

- 20119 2¢ : AiSHish AFEATE
ofetat

- 2011¢1 8¢ ~ @AY : 4Md SDS AZE
o] o7 HE

- AR isted i

- B-Mhil © jongmintruelee@samsung.com

ENEE

£

Seo)

- 20204 8¢ : sty Joidy
Sl 9 S ESAL, FGEAD

- 202049 99 ~ |A : sk
AFE g Juagetaty

n

=

=1

- TAJEof ¢ Natural Language Generation, Commense
Reasoning
- E-Mail : seojae777@korea.ackr

& & LKYoonna Jang) EREE)

- 20201 2%+ are{chsta GoigEst
&3hp

- 20209 349 ~ @A st
AREs Qs

- TAJHEOF : Conversational Agent,
Natural Language Generation.

- E-Mail : morelychee@korea.ac.kr

2 5| M(Heuiseok Lim) [BA31]
1992 2¢ : TSt AFE S
GEE
- 19949 24 TSt AFE S
GEE
-19974¢ 24 TSt AFE S
G

200840 ~ @A) : TSk AREt 24
- Tk 1 AojAE, HAIA Qo] FE A
- E-Mail : limhseok@korea.ac.kr



0z
0%
K
ng
=
oY
s
H
2
fjo
k=4
ol
rot
o
i
<
2
m
0

Appendix 1. Examples of utterance generation by model. The white box indicates the utterance of model,
and the blue box indicates the user input
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