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Star Wars fans across the globe have a new reason to rejoice. It
was announced yesterday that a new trilogy of Star Wars films is
in the works, with the first installment slated to be released in
2026. The trilogy will be directed by acclaimed director Ava
o DuVernay and written by celebrated science fiction author N.K.
Original Text
Jemisin. The trilogy is expected to take place in a previously
unexplored part of the Star Wars universe, and will introduce a
host of new characters. The announcement came as a surprise to
many fans who had believed that the previous installment, The

Rise of Skywalker, would be the last in the long-running series.

A new trilogy of Star Wars films directed by Ava DuVernay and
Summary ) o )
written by N.K. Jemisin is set to be released in 2026
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Continuous WARP [55]
[ Prompt | LPAQA [68]: PET-
[l Ensemble | TC [153]: BARTScore [193]
Prompt | GPT3 [16]: KATE [100];
Angmcnmiun‘ LM-BFF [46]
| Multi- 1| Prompt |
| Loaing 96 [ Compation | PR [5]
[ PromptDe- | TemplateNER [29]
composition
|| Prompe |
| Staring | s

BERT [32]: RoBERTu [105]

Prefix-Tuning [96]: WARP [55]

T5 [141]; PET-TC [154]
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20
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10" 10
Number of Examples in Context (K)

712 2.2 Brown et al. [2] 472 A3 Ay}
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Fine-tuning

Transformer (Translation)
I B =B BN &N

Transformer (Summarization)

Transformer (Table-to-text)

il

name Starbucks type coffee shop [SEP) Starbucks serves coffee
Input (table-to-text) Output (table-to-text)

Prefix-tuning

Wandormer (Pntra!ned)

name Starbucks type coffee shop [SEP] Starbucks serves coffee
Input (table-to-text) Output (table-to-text)

19 2.3 Prefix—tuning & 24 G*%([3]

o]d AFoA 2ME V|E ZTEZE Tg prefix &
AA EES ¥sstA] d= et g EZ A5 Y, prefix T
HAs ek FHE  Shgo]l AYEH7] wEe] &&7% 850l

7Vttt dld =5& Brown et al.[2]9]A #|er3t ul7d kA
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1 AEHe ZHEIE FYolgta AYE 4 QUvh(1] o] sk
WAL few—shot ¥ AESAT  zero—shot JH o=
AgskA etk olgl @y s1EQ AW % 2 sAFY
AR md AAle] v sE 2R, ndE EsE
e TEZES AMgE 2d 54E APdE WHES
TAET o] B3 TFIE JINE 359 3 PR, TFIES
AREE Edlel FAs AAdsty J"H@s A E¥HA=
of| 53ttt [4]

TEIZE JNE g Ao dRAd e F osuE
P—tuning & #< & Uth[5] dojREe] J¥gle] ZFZES
AT E WAGD o)F B U FeEpe ZExE B
PHE o E ARG of7]o] B #HHd 1Y EFe F71E
Aes MAste BAoR, 2 2= OF 24 & F3 g
& 9ltt.

" omgt Encoder (Optiomadl P qeprrmeorord "7 Reperameterizabon (Optiosal] | g CEomizaER0

[C}S]  Amgzng “movie "1} R L S b [CLS) * Amazing movic
e ooy e i vl o SR (o, s st i e

Vierbalizer {with M bead) |

(a) Lester et al. & P-tuning (Frozen, 10-bilhon.scale, ssmple tasks)

1% 2.4 P—tuning 2

13

| Layer2 Py

t LaywrN Frompts

Ut e

"""""" i
Class Label (with linear head)

{b) P-tuning v2 {Frozen, most scales, mast tasks)
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Gu et al.[7]19 dFoXE I8 2.7 & Ed TEIE

100
g or  o]Fojx ESZLS MXEIZTEF  AAFo] L5
APPS v, TFZE JF W29 AL gl Fdo] 110 grje
]

¢
5

PromptModel

D

Verbalizer ceemecreneed Wrapper Class: These classes aim to

make prompt-learning align with
wropped PyTorch pipeline, and users do not need
PLMs example to modify them.

4 input for PLMs :]

PLM-related Class: These classes

T logits for words

TemplateEmbeddings - Prompt support the calling and management of
T Trainer various PLMs.
PromptDataset
Prompt-related Class: These classes are
PromptTokenizer wrapped unique modules for prompt-learning,

example and they can be implemented by users.
+«—— Template

Tokenizer [:]

example I Dataset-related Class: These closses
support the utilities for datasets across
Dataset different NLP tasks.

18] 2.8 OpenPrompt =& G-%[8]

18 2 M E g



O% 28 & Fd AvE 5 9%, Ding et al[8]:
CELE S50 A e X Ale]2E Ad@th Y ZE

zededas A, Al dolRd, ®E3 I verbalizer =

]
IM

Example PLM Template Verbalizer Task Reference
Naive TC MLM & Seq2Seq M. text M. One-Many  Text Classification

Naive KP LM & Seq2Seq M. text - Knowledge Probing -

Naive FET MLM M. text (meta info) M. One-Many Entity Typing (Ding et al., 2021a)
PTR MLM M. text (complex) M. One-One  Relation Extratcion  (Han et al,, 2021b)
P-tuning LM Soft tokens M. One-One Text Classification (Liu et al, 2021b)
Prefix-tuning LM. Seq2Seqy Soft tokens - Text Generation (Li and Liang, 2021)
LM-BFF MLM A text M. One-Many  Text Classification (Gao etal, 2021)

¥ 2.1 Ding et al.[8]AT9] ZFXE sh& A8 3¢

Wu et al.[20] ¢ AT zFAo] o]F] Holora] AXE TEIE

TEde AT AR olEAl =ZHdHAl InfoPrompt WHES

AlQtettl. InfoPrompt + 7] TEXE FY WHET ¢ Yy

£58 Adee Holed, oF T AR AT A glol=

InfoPrompt & AF&d TEEZXTE F

MER AT AR7Z|N &4 g5 g 9 AREskE WS
E

=
Adstce, R WAz TeAEd Hede Agd zgme
_"
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Masked tokens Target text

[ mythical ] [ names ] [ It is pwewmte <@0s> ]
f i tt t t1
Transformer Encoder Transformer Decoder }
ttt tttt t ¢ty tttt t¢t
[ Pegasus is - It the model <5> It is pure white . ]

—— —
Input text\\ ><,_,_--- Target text [Shifted Right)
[ Pegasus is [mythtcall Jt s pure white It '[names the model | ]

19 2.9 PEGASUS ¢ 29 %[10]
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ZAtE HAE A

ol e

Q°oF Hdo] "z st VW=
2ol [11].
Aol gk 7 7HA] @dAE AAEH A
kel Apo]l EAE Qe FHri e
WA 2, teacher forcing 3r5
A7 =AY, Bd
A ol Aipgho] FolA=
ol Aygtito] FolA 7] wiE
2ol ZdHskA Hu olHd =&
A dAelA e 277 AlS

Aate] @il B F Yk,

2 g3

24 seq2seq EYS

4 A

el
U

(i
i)

o
S

[4’\
C.

A

o] T

5]

N

l

PN
T

S1

» Ref-free Score 1

Doc /
Real Score 1
Ref ~ l Real Predicted
Difference Difference
\ Real Score 2
- -
‘"= Ref-free Score 2
S2
Generation Reference-dependent Score Contrastive Learning

29 2.10 SimCLS o] =& 3 [11]
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(a) Pre-training (b) Fine-tuning

19 2.11 FactPEGASUS 9] =& % [19]

Wan et al.[19]9 A7+ A4 Fd 2 3l 7 F<F
AMAA (factuality) @ EA2  #HAs= =4 o nd
FactPEGASUS & #lotstty. 7]& PEGASUS 99 4 AH
s Astste] Bk AREARQl Qoks wiE==dl HFES]
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B D ABCDE

Autoregressive
Decoder

A_C_E <s>ABCD

Bidirectional

Encoder

(a) BERT: Random tokens are replaced with masks, and  (b) GPT: Tokens are predicted auto-regressively, meaning
the document is encoded bidirectionally. Missing tokens ~ GPT can be uked for generation. However words can only
are predicted independently, so BERT cannot easily be condition on leftward context, so it cannot learn bidirec-
used for generation. tional interactions.

ABCDE
$ 4444

C Bidirectional E‘J> Autoregressive

Encoder Decoder
EEEE FRFE
A_B_E <s>ABCD

(c) BART: Inputs to the encoder need not be aligned with decoder outputs, allowing arbitary noise transformations. Here, a
document has been corrupled by replacing spans of text with mask symbols. The corrupted document (left) is encoded with
a bidirectional model. and then the likelihood of the original document (right) is calculated with an autoregressive decoder.
For fine-tuning, an uncorrupted document is input to both the encoder and decoder, and we use representations from the final
hidden state of the decoder.
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Good quality summary output

S: a man charged with the murder last year of a british back-
packer confessed to the slaying on the night he was charged
with her killing . according to police evidence presented at a
court hearing tuesday . ian douglas previte , ## | is charged
with murdering caroline stuttle , ## , of yorkshire . england
T: man charged with british backpacker 's death confessed
to crime police officer claims

O: man charged with murdering british backpacker con-
fessed to murder

S: following are the leading scorers in the english premier
league after saturday °s matches : ## - alan shearer -Irb-
newcastle united -rrb- , james beattie .

T: leading scorers in english premier league

O: english premier league leading scorers

S: volume of transactions at the nigerian stock exchange
has continued its decline since last week . a nse official said
thursday . the latest statistics showed that a total of ##.###
million shares valued at ### .### million naira -Irb- about
#.### million us dollars -rrb- were traded on wednesday in
. deals .

T: transactions dip at nigerian stock exchange

O: transactions at nigerian stock exchange down

" Poor quality summary output

S: broccoli and broccoli sprouts contain a chemical that kills
the bacteria responsible for most stomach cancer , say re-
searchers ., confirming the dietary advice that moms have
been handing out for years . in laboratory tests the chemical
. <unk> . killed helicobacter pylori . a bacteria that causes
stomach ulcers and often fatal stomach cancers .

T: for release at #### <unk> mom was right broccoli is
good for you say cancer researchers

O: broccoli sprouts contain deadly bacteria

S: norway delivered a diplomatic protest to russia on mon-
day after three norwegian fisheries research expeditions
were barred from russian waters . the norwegian research
ships were to continue an annual program of charting fish
resources shared by the two countries in the barents sea re-
gion .

T: norway protests russia barring fisheries research ships
O: norway grants diplomatic protest to russia

S: j.p. morgan chase s ability to recover from a slew of
recent losses rests largely in the hands of two men ., who are
both looking to restore tarnished reputations and may be
considered for the top job someday . geoffrey <unk> , now
the co-head of j.p. morgan 's investment bank , left goldman
. sachs & co. more than a decade ago after executives say
he lost out in a bid to lead that firm .

T: # executives to lead j.p. morgan chase on road to recov-
ery

O: j.p. morgan chase may be considered for top job

3 4.1.1.1 Nallapati et al.[14] 7+ A3} oA
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4.1.2 XSum

XSum Ho]E AL Narayan et al.[15]°Ad A79
dlolEf Alejtt. 204,045 709 <5 dHolE%, 11,332 749
validation do]8 %, 11,334 719 HAE dHolg Ho=x
77450l Utk BBC w4 7AFE EUE rtEoRon dF
HAEE Fob 19.77 M TR o]Fojxity. Qokte] A
1 7] 2Fo=® o]Fox glom i 23.26 79 o] JFE
74tk XSum HOlEAlS 4.1.1 oA A3 CNN/Daily Mail

dolgalst ol A% wEw dY A FS eokrow
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SUMMARY: A man and a child have been killed
dfter a light aircraft made an emergency landing
on a beach in Portugal.

DOCUMENT: Authorities said the incident took
place on Sao Joao beach in Caparica, south-west
of Lisbon.

The National Maritime Authority said a middle-
aged man and a young girl died after they were un-
able to avoid the plane.

[6 sentences with 139 words are abbreviated from
here.]

Other reports said the victims had been sunbathing
when the plane made its emergency landing.
[Another 4 sentences with 67 words are abbreviated
from here.]

Video footage from the scene carried by local
broadcasters showed a small recreational plane
parked on the sand, apparently intact and sur-
rounded by beachgoers and emergency workers.
[Last 2 sentences with 19 words are abbreviated.)

¥ 4.1.2.1 XSum Ho]E]Al A [15]

37 i x‘i—]



4.1.3 Risk10k

3}
Fog ok 2008 W -

ZIAME e 411
&

IS

Bl

2 9

2

PN
T

9
CBEP EE!

A

=

=
=

:rL

Ko
=

o1 e A

=
T

4.1.2 9

Ak,

o=
T

dlol 8 &

Fol item 1A °of a3

71 €]

34756
&5
A

10-k PXE

d

2018

st

e

bt

o

= 2=
= T

risk factors HXAE H|o]E]

= ARlel 9 @ol

Risk factors

olg3 &

=
=

W, 10—k RIA]

[e)
3%

)

0

A
=K

7]l

%

djo] B Al 9]

Eix

=
=

Aol

B

gl dolHAlE riskl0K =kal

5 vlole o] Aol

N/

Risk10k 9] AMg-© =2 7]

=
. I

) 1 = of 4

L E
R

74

AgetE

=
=

doleAle® 7 7]AF

il = HolE A9

H| &

%

—_—
)

‘mo
ol
aig

o

~

;OL

o

&

AdE Hauel xghEs et

AT uheba

©
=

SRk

EREpE!

o] AlE 82905 7§12

A ghaje},

7]
Qoprom  FAEHA

a9

4.1.3.1,

ofeff ¥

w3

np

38



4.1.3.2 & A 10-K H3A9 E49, item 1A ol 3date
risk factors Z1®l= ojAlo|T},

TABLE OF CONTENTS
Poge
PART L
Trewn § Baaiseas I
D= LA Bk Facmn 2
Iz |B Usazeaived Saafl Conmety H
Irem 2 Brmuse =]
Irem 3 Lezal Besendam 2.
Trem 4 Moz Saden Duciosine %
FARTIL
m: Market foe Regaatcant.s Comumon, Saury. Belated Srockholdes Manen and fsees Puichases of Lauey Secvnnes {;
Selecied Funsmacial Doy 2
Irem ? Managesnest s Dascumgn atd Analvae of ¥ oaecal Coudmon and Bovaltn of Ogexatiog: 3
Iresn 7A Quasinatice st Oualstatice Dusclosues dhout Madet Rk “a
Ien 3 Eusnoal Sstoncs sul Susuloncoiy: Dua 2
Iren 9 Chapeny m and Do eessucats with Accosiaats vo Accoustine sl Fuacel Duclaiss 93
lezzn SA. Commcls sl Pyscodun 93
ltem 9B Othex Ipdetmaticn 93
FART 1L
[rem 1O Duecnos. Execunn e Officens and Corpanes Golemance w
Irem 11 Esacunye Compatamne 95
frem 12 Secuair Qoradue of Cortam Bensfioad Onuers ad Mendscuusat aod Relared Stockholders Mozees el
e 13 Canuo Blaeeubices sad Selued Tussactionn sl Deciid Indeeenienss 96
Toem 14 Buncrel Accountics Fees o Sarvues %
PART IV.
Trwen 15 Exdibms F < bl "
feem 16 Eam 10K Sunauary "

1% 4.1.3.1 10—k RHIA] Hx} oA

By conld de adversely AfTnred if any of oinr wiiaing einva® are snleesiillond ar we fall o redeplay v doplay alira® aloh cunminners it favaredle rases We cosdd alos Mo advmrrely affoand frome
Ve Mois af ond v wee af anr mircra® fur am entendod perind of N,
Chut prvating ven epies dopond on oea Aelity bu effamtels Sepdas the arorah e oun Bess snnl iamtans Logh srdiaseos of oor sworal ot Gnvaable rmes 17 wn bave b lied soonaf, we skl
ek 00 redeploy fhose mrcrah) oo othes feses of bonmrens ot 02 dhern 10 e are unidle oo semadilly eodepden ot custing srctal o foanahle smes or vell Seern o S oralie tesmn. 1t ool b
mexrial sdvmee effocs ox o buntvon, ety of operesans end Seanriel condtane s sdddson, tf ooe @ rees of cue ezcreft axc owt of szrvace far en overeded pened of 2re ow opratmg Ve
meould Secsenas w3d we saay lare dficaby felfilmy our cbligmaces cowler 238 ot maooe of oot coseay cormracts [e bow of teremec reasdiny froen mry woch bostiem weemaptaon. and the com nd
porsatally loag ad e md Afficakun o sowrceg 3 replacsnns aerrafl could have 8 reanseal adt e s2eeT oo aor S, edls of specmsre sad fnasad cadnce

Our flvonchal condinion mug safifer |f we cxpurionce amantkpasnd cmm o & nevalh of ongetay Lenair, claowr and srresalpenaes nolarad o allged pricing grocmices ev ocker lepal snd regalasyy
e
B o Unred Ragdonn. sovwnal grocpe of eassed shusisnes bave beought sus spuse Somabi Asrwags P CSeaud Arwars') o cazssctice widh alleged sapeoper sastsrs pelased o2 the uee of fadd
Al orhes £ CopOnARiL T30 M CHEE et ke Aed e serkiand Semagen allepedly minng froms that seedset Dlrpads Aurowyy bus led S a fae Lvwat agama Pale Al Cargo L1C (7008
Po™), Formamly Pate Aw Cango, o o oomsolsbasd sbasbany, and orher Carrites B contsibntm okt Bimmh Aavears be lovesd labis 12 Clansann
T e Nathor b, Sachmay Canel Cotaptrnanon, vaccemman wn wmied 0 dbien of Canaes dappeis R Sled ool o B0 Suni sonrt 6 Aawirdis agans Beaudi Aumass, KLN, Mamesn As

Frooxe, Lalfasmns end Seegapere Aulimts sechang roconery o dionnges putporiedly armeng foe the sorse prucong poactioes o s n e procesdeg dewcithed dhove. In sespoone. Bemb Aswess KLM
Martsnnz, Aar Frasce and Ludbanas fied dard purte sderazificato Ly wats agzze Obd Poler and Polas seckeng mdemmrsfication i e ovmn e defrmbares are founnd be e laekle ix dhe mue goccedugs

19 4.1.3.2 10-K B34 item 1A A

39 jffE J AE&tetw

SECHRIL MATIOM AL ."*J.'.?:F.c T



O9 4.1.3.3 & AA 53 dolEAle] ootk gt
of #& Qokto]l wiHEe otk T dolHE AR,
Al BAke] vl=Y2Th g5k wlgAtel] o &3
ofA AL ar, WA AR AP " Tl
of e wA7] wiel Adel #AH dFE = F
getth e AA wiAke] ARl whel A7) Aok
& glo] Gzt Fiaol BAEA gow, wjgArete] A7}
3

2 02 30 o2 4 = o
ot m myY & b 10 = O
wr i ﬂl'\j); Y
oX,
=
T

|
2

« DUt resylts of Oparnt 1ORs Thuctuat s 00 4 besaonal bani

e enul s of coorat ions vary Trom o lod Lo porlod based wood The quant ity and ausfity of 1he motlon ploturet that se o In o
f theatres. The majer Flle disteibutors genorally relase the flies they anticionte ol || be sost soccessful during the suaser and
ol iy suntons. Congmmunntly, wo typiently genorate higher covenues O ing trwee verlods, The Lining of relostas. hosever, Ty i
ORe Lohn pronounced &8 distributors Pave begun rfaleaning content sore avenly Threughout The year 1o o Latin Ases lcan sarkats
shite Hollyseod content has sinllar release dates as I the U5 the 1ocal hol Idays and seasons can vary, The unespected ener g
ool g wcomaatul e during othet par lods of the fallure of an especiad suctony ot 4 bey Line Zould slter thi MWatnality 'm
), Do to the ROeAMRCy o E0 G Cesd of THInE raloased Trom one pariaod 10 the noxt, resuita of oearat lons 1or e oo (o bay o

f be indicative of the results for the Tollming perliod or the sase perlod in the follawing yoar
oA deterioration in eslationshios with fHis aigtt itatorg Ul abrerpely altect our abil ity 10 obtaln cossercial iy moessiul 111
"

10 rely wo tha FHIe ISTributors 1o mopiy the THins shosn In owr thastoms, TP THIn GIntr it 100 amiagan s Bighly ncentrated
SIEh aeven sador Tiim digtributors account i ng Tor sor

wately BOX of 1S bos of fice reverces and 49 of the too S0 atossing 1w
S uring 2007 Nuserous antitrumt capts and consnt decrees toslting From the srt itrumt cusss inpact the distribution of Tl f
I Aintnibators Licante flins to exhibitesn on & theatra=tig<thwatro and FLIn-by<file basis. Covgnmmnt iy, o Conset amiantes o
ooy of il by smiering Int long-ters arranpeseesty sith sa flgttibutors, W are therefore reasired Lo megol late |icenses f
e fhim oand Tor sech trestre. A dsterioration I our relntionshio sith aky of the seen salor Hiin distrinors could adestael
y atrect our sbi ity to ablals conmnrciatly sucomsaful FLI0E a0 te negotiate Tavdalle LIcsing torns Tor sukh fiies, both of o
Ieh coutd atversely atfect aur business and soerating resuits

o Fe Tate Interse apet 1ion Tor oatrons and 1iles shich say advergeiy aflect our Dol ess

The sotion olctare sxhibition industoy 1o highly cospet it ive. f0 coopel e aadingt local  regiona ATIOAL and Internat fonal sxhil
10rs |8 wety of our Barkela, Yo conpsta Tor DOtH pateons M FIconaing of THine |Ih wArkots shora o8 05 Not T4ce Nakiby comtet It
s theatren, thete I o rish of new theuttey baing Wl lt, The dedree of comprtition fod patrons |a deomde! wen such fsctors m
Tocal lon, Pealre CADRCItY, oty of prolect o st sound woulpent . Tite stowt inr avellabl ity ustomer aervice omlily, provd
10 and anea it igs of ferad  and ticket pricus. The princiont cospet it lve Tactors wlth resedct 16 Film Liconsing Include the thaaty
= location nd 18 denoptachics, the condi)ion aostity and groaning ooteat el of esch thentte. and |lcensing teres. Ye also |
ACH Compet 1t lon Trom pew concoept Lheat res such o8 dinecin theat res and tavern atyle theat ruy that open In Close prosisity 1o our
Vet lonal Theatres, L o oré AADYe Lo ALETRCY patroan of Lo Licanes mccesstul Tiins, our businens say be sdvaiaels affectnd

719 4.1.3.3 Risk10k Hlo]lg oA

! BEL

Skl

1 =



1€ F4 e mdse F2 o411 ¢ CNN/DM
dlolel Al [14] % 4.1.2 ¢ XSum Hlo|EHA[15]02 FA Y=,
o] A=3UT w2 TIAME IRt ®E & HolEAlolth T
F 2-3 o 71/ A yigo] 45E o

Medrkes Holth whebaA  dlolgle] Wdo] EAEta, °lE

risk10k ©Hlo|E A Afgow AHET 5 o) Byl olyef
doA oz Aoyt Fe Aert Bl wEel Edo]l dAF
g0 Zojo] o A gy 2oFES AT F 9lE FAX
£ Frd 5 gl

AA ChatGPT & vH]|E 3d&£dE= Q0o wulo AHE

QotR e 77 A4 WOz, riskl0k HOJE AL QokEel

dol7k hE o = HolEAEel s &A FAAHAY] Wl

AT Pol FF LF HYelE Agd F YAW, AR
o "

41 .-:rxﬁ-: -"i- '|_'l| '-"‘.l!_ T'l.



A 2d AP 2A
A F AAE Pt 3

=
7l e wREs A8

13

A A 3ol BARTE
%73 ¥ PEGASUS =9z}
g gk 2ela vlwekgict o]
BART E49& base 93} large & larges 9| &g3l3 0,
Adam Optimizers AFE3F3ATE vl o] == PEAGSUSSH
SimCLSE Al 2% Ao ¥xshxo] iy, e} dolg Al
2% Huggingface Ao|Eo|A A ol

1EeA Aest 2 A3 AFEH dlolHAls B2 3 4.2.1904

492 5 gk

SimCLS 2%, BARTE 3% F

CNN/DM XSum Risk10k

&2 go]g & 287,226 204,045 70905
HAE dHolg & 11,490 11,803 7000
A% Holg 13,368 11,513 5000

4F 9AE FF Qo] 781 ol 399 wol 175 who]
71€ QoFE BH 4ol 774 ol 34 o] 30 o

¥ 4.2.1 "Hlolg Al EA

42 ; ”H k'_' 1--'H Sk



s

TEIZE 7 g5y IR des nlastr] 9§
CNN/DM#} XSum HOJHAS oz 10 ofFoz AFsele
™, Risk10k®] -9 oz o=z §&Fo] o} 20 oFoz AHAYs}
At A3 E5F learning rateo] sl & TS weEthe IS
WA a1, o]0 zetslo] thkdl learning rate® U S A S
T2 & XSum Ho|E o] thafA+= 0.005E, CNN/DM Hlo]E] £}

Risk10k Hlo]E o] talr+= 0.59] learning rateS A A3} t}.
F7F Ax=2 ROUGE-1, ROUGE-2, ROUGE-L H#F+ %

AFE-3F . ROUGE (Recall—Oriented Understudy for Gisting

Evaluation) & Q°oF A3 #4485 H7lsly] flal AFRH =

H7FA Zolth, ROUGE A4+ Y Qokiy 7] QokR Ao

S SHetel aote FAS WU Fr HAE Qo m
9o 4% Pl AgEE Wolth ROUGE-1 B4t 9 &
o

=

Z #HlAA) FAA S 543 [17] ROUGE—-2+% bigram
= SH 7 ool AFAAE nEE T

T+ QokEY YAdE QokE Alo]l FAMI S

2 Longest Common Sequence® AF&3]

st F1 A& Aiatstt & &4 9 F9s udsits A

= 7Ft
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st Axel 1 BAHow FAPEY. ROUGE—-1, ROUGE-2,
ROUGE-L #FE A% %719 Ax= &35t npxez
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Y oE Ry 2FIE YN shad RE e A
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Model Param(M) R-1 R-2 R-L

Finetuned BART 400M 44.07 22.56 38.58

PEGASUS 568M 43.18 22.70 41.23
SimCLS 400M 44.45 22.17 40.09
Ours 0.6M 40.14 19.07 37.81

¥ 4.3.1 CNN/DM H|o]g Al A3 A3}

o

H]Z PEGASUS$®} SImCLSQ] Ao w]X A= HEs} 3l FY

d BARTHT R-1 A47 wlad o & Ae FAg 5

Atk Ao AFgH getuE 9 JHFEES melste] AZk B89
A7 SUS A4evd ZF5ZE TN gF o] 3] F3o
BAs] Agds &+ AY 53 v ZHEIE FY OUHE
e AR By ZEZES Ale] A Mdste] A&

Model Param(M) R-1 R-2 R-L
Finetuned BART  400M ' 4210 2077 3815
PEGASUS 568M 45.70 25 22 40.91
SimCLS 400M 44.75 23.88 39.72
Ours 0.6M 42.14 20.81 3577

3% 4.3.2 XSum HolgA Ad Az}
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Abstract

Prompt—based Abstractive Text
Summarization

Jihyun Bae
Department of Industrial Engineering
The Graduate School

Seoul National University

Recently, prompt—based learning has shown similar performance to
full model tuning in large language models by utilizing soft prompts.
Prompt—based learning methods are effectively used to incorporate
task—specific knowledge while extracting available knowledge from
large language models. In this study, we propose a method for
generating abstract summaries through prompt—based learning.
Abstractive summaries, as one of the language generation tasks,
can produce readable and consistent summaries compared to
extractive summarization. The proposed model combines soft
prompts and hard prompts and achieves good performance with less
time and cost compared to fine—tuning the entire model.
Additionally, we introduce a two—step approach for applying
prompts based on text units. The contributions of this study are as
follows: firstly, we propose a prompt—based learning method that
can extract knowledge from large language models and apply it to

specific tasks or data, demonstrating that this methodology can
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perform creative and efficient text summarization not only in
language understanding tasks but also in language generation tasks.
We verify the efficient functioning of the model on data requiring
domain knowledge by directly constructing an abstractive
summarization dataset in the financial domain. Experimental results
show that the model introduced in this study outperforms other
publicly available models and exhibits improved performance

compared to existing prompt—based learning methods.

Keywords : Abstractive Summarization, Prompt, Prompt Tuning,
Language Generation
Student Number : 2020—24835
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