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B AT B4 A4RF mYo] 4%
FolE aokRe] B4 W HIE 9% WAERI RS oS, 4 S4vitie] B E
[e]

O
=1 =
£ eofwdod BAGE oF 49 W IIBT. RoHES W] 98 BS4E FRCI(Koto

et al, 202002 Fwal HIAE=H L P53 P o g WA E3 AggreFACT(Tang et al.,
2022)0] 7 ¥l met FEHrieke] dHEE SAHTH

B AT A ARKEE HIA =R WHE T8l 24 A QckeA TAE= Hallucination &4
9] =& =43t} Hallucination A3/ 2 °K(Kégeback et al., 2014; Liu, 2019), 7]AI™1<(Lee et
al., 2018) 52 HAEE A= AA oA Ad(Naturul Lanuage Generation, NLG) Aol A F4 &
SFAUK(Schuster et al., 2021), Y=g U&= Gl et al, 2023) AEE Agste= @dolth

BART(Lewis et al., 2020)2] T3 o]&, AAoxjgle] thekgh Hokol| encoder-decoder T2 A
Sk 71 Aol = (Lewis et al., 2020; Zhang et al., 2020; Raffel et al., 2020)°] =& d5& HY
o} EA A S OKtext summarization) 3 &S] AL o] HA L Q= AdojAE] Eofoltt
A8 11 92EdA A WES BESIHA B #A o g2EE Adste
AtddoyAg] Hokrh(H 74 5&0]1%7], 2016; Dumais et al., 1995) A ek FA Aol we} =
Al dE EAA T8 2 e E4LS HdEstes 352 %extractive summarization) 2t 9]
AN &S BESEA FA ATFASHE YA Kabstractive summarization) 0.2 s 4 Qlth
(H7A3 & ©1%7], 2016; ZEY et al, 2022; Gudivada, 2018; Zhu, 2021) FZ 89k UFojA F

8 45 ddsts ER(clasification) == F5SHranking)e] EAIZ FATHAEY et al,
2022). 8ok 9ok EAE ¢yuto} o] S A= Aol A (natural language
generation; NLG) A& Bo|HTHAESD et al., 2022).

29 AW EES BESoF st FALY HAAY EA A A4 AP8oF R
Hallucination-> =2o] AlF o] AW Aoth Hols EAQFS HIRT Tk AdoiA g
Hokoll A Hallucination®] #3 =E ZA3}3(Thorne et al., 2018; Schuster et al., 2021; Gupta, Wu
et al, 2021), AT H2EE I3 FEHE APt Lt AdolRd Y EAE S5
g A7F o)HAL ATk et al, 2023) A 8eF WIX|rk(Hermann et al., 2015; Narayan et
al., 2018; See et al., 2017; Cachola et al., 2020) A= = AH LFF3 lexical-overlap 7]1¥F H7}
| 3F(Lin, 2004; Lavie & Agarwal, 2007; Papineni et al., 2002) 5= &3l 5= SHIh

Aok HrEA el iaiA] wl$- =& s RYd= By, HT Aol A" &
OFE9] oF 30%T Ewd Wio]l YXEA ¥e TAZE EAlskE ASE UEOM(Z Cao et
al., 2018; Falke et al., 2019), o]= A% THAQ A= Fo} T3t et al,, 2021). P L
oF A3} BEI QR Tho] Ylgo] Xst= AEE Factual consistencyl)Thal shH, QokFolA

&c

=
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o dAl= (28 1) 2o} HTols AL A3} Facutally Consistentdt A4S ZE317] ¢
3, BEE-Qokr ko] W&o] dX|eh= HEE SA 3= Factual consistency 7143 (Zhang, et al.,
2020; Kryscinski et al., 2020; Vasilyev et al., 2020; Durmus et al., 2020)9} 7§41 WHE(S. Cao &
Wang, 2021)0ll thdk A7} s Iy ek shARE A eofollA EEf 9|93} ko]
QIS 4ok HoleAle] 54 “HNarayan et al., 2018), L.oF&oll thdk Factual consistency o5
of theh deto] T FaAola HFd ¢ Uth= TA|(Falke et al., 2019)9F Zo|7F 1 £
g g oke g5k dloll vlgo] Z(Koto et al, 2020; Hardy et al., 2019) &4 S°] =4
Sit}, (Zhang et al. 2022; Zhao et al. 2022)2 AAdoA mdo] &S EA dolHAld A st
S5 ZA(calibration)sh= WHOE WY, 9ok 5o A A & HeS AT AN 9]
2g PHES Tl AMEEE tlolEAle] HEFEHAY Ago] AEFS A, AxE HEE
aE skEsiAd 52 U Aok mebA HZells AR ek o] e 9% v R
Bt B P Eo] AHE I Qi

A

F

=l
o)

Source Document: The magnitude-4.8 quake struck nortl
of the city of Lucca, officials said. The tremor was felt as
far away as Milan and Florence, Italian media say. There
were no immediate reports of injuries or damage. Italy is
prone to earthquakes. In 2009 almost 300 people died in a
quake in L'Aquila in the central Abruzzo region...

Factually Consistent Summary: An earthquake has shaken
parts of northern Italy, forcing some residents onto the
streets.

Factually Inconsistent Summary: A powerlul earthquake
has struck central Italy, killing at least seven people and
injuring more than 100,

(azl 1) 22#=20lM Factual Consistency? | &85t OfA|

B =29 2% ekl tdk & 2 Hrpl, Tea 489 Ao ARES
AggreFACT(Tang et al., 2022) Hlo|E|Al & #H Aol tis A3t 37 ol s £ =iolA
Absts AL mdo] Hriea 9 HAZ=HrL Yol s Y o) 4gdAE A
Aok mdlo] Hria A ¥, 34 At HA =Rt YHES H LS A ois) A
33

1) #d AFENHE g DolES 83t AFe] By, B =Fdie g9 T ES Factual
Consistency 2 38t} Faithfulness, Factuality

- 199 -



eIX|ntet, X34 3=

>~

deQot Hixjolm 3 MM A Fe
A Q0F WAt FRE doly FRAHY =, T2 89F A= P wet
gofsict Hole FRAAHAA ARESE $F=012)3), Thof(Scialom et al., 2020; Ladhak et al., 2020)
59 Ao} F2(Hermann et al., 2015; Narayan et al., 2018), SNS(B. Kim et al., 2019), }8}(Cohan
et al., 2018), Dialogue(Gliwa et al., 2019) & =w|dlel] wet thFsk Wzo] vk £ =&A=

dutH o7 M Bol ARt ol £489F HolEtke tETh

ol9lo| = FEAQofe] BR EEO o} gohibHo ulgl thay Zo] yHt EA Qe
Qoko] ¥ oz ALg3tE Y& /gl whet single document summarization®} multi document
summarization .2 Ut} A Qe A EE H2E o wlgl keyword 23S sentence
summarization, =3k 2¢F oA YFE 2JF o HRE Al ALES=X]ol| wa} knowledge-poor
£-2 knowledge-rich summarization©.2 U¥l= 5 thFdt 0] tk(Sizov, 2010) & =FolAE
A AP 8ok skt ol thefl ofF AR glo] oS sk Aoz Aotk

Ao AyAeeF mde 2ol YANLG) =HS Holshgale] AR&Ig(uted et al,
2021). A4 .okl ARg-3}= finetuning W) oll= o) &85 (Constrastive Learning)=- ©]-&-3+ #}7]5
% Sh5(Self-supervised Learning) WHA(Liu & Liu, 2021; Liu et al., 2022)3 =9} 2o ojRAR
£ &-83h= Knowledge-Enhanced Text Generation 3H(Yu et al,, 2022) 5°] Utk

A A Q0 o Hrldle dRkdog AT Qs H AEEES Hlﬂﬁ}i A =9
7} W& AR8-3THNarayan et al., 2018; Gliwa et al., 2019; B. Kim et al., 2019). AE&=& 3} A
A3 QoFE Y Hlue T B e o3 F3 =(lexical-overlap)t & H %] Ak (semantic
textual similarity, STS)E &3l Blxgch

o3 FHEE =A3l7] Y3 H/IAEZE ROUGE(LIN, 2004)2 A3t} (Koto et al., 2020)
ROUGEE =43}7] &4 n-gramely} HA 35 F& 4-F(Longest Common Subsequence, LCS)
T2 ol T RlES SAITE £A8%e HIIAREE ROUGES AHgdte 49, A%
A B FALo|U FFoleo], thejo] Foll tsdty] o Hth= Al Utk

wetA o3 FHE 7IWke] HyPpRHES Bekehr] flal AT okl tial Ixte] AF 3
2) DACON(ZH=ro] &4 FZF29F Al ZZ1t)3]): https://dacon.io/competitions/ official/235671/data
3) 59 TEA|(EA f<F wlolE): https://corpus.korean .go.kr/request/re ausetMain.do
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7Vt &Y 7Hmanual evaluation) S 371 AHE-gHCE AJAdSE QokRe Ois| 587 A st=
A4S A8 E A AE ZPE Mechanical TurkdsS 3 AAQeF Aato) et Hr1E
23} 3H (Kryscinski et al., 2020; Maynez et al., 2020; Laban et al., 2022; Scialom et al., 2019)

QoA g FEBIE AP A, v 22 A Atk A HAR gokHA ¢
A5, BEo do|rt 4o g2 AAojxe] Ao vl 5% o] A7k} nlgo] o] £t
Mechanical Turk 5= Z3ll HolHE 75 Alole o2 #¢] thivl 508 o]de] A¢dulgo] 4
L FTHGabriel et al., 2021; Honovich et al., 2022). FHAZ, A3 QoFFEo FFH7dd= 2
7o) F3Ado) 2£3kE 4= QI (Cachola et al., 2020; Narayan et al., 2018; See et al., 2017)ol4&=
FEH7Le] ABPE BAS] Y8l shte] BEd g AGAE Yk AGApt gol
A5E 753719 vE2 4S S7HE

ueba] FHZols A ek Rde HIMAEEN o9 FHESQ ROUGE Aok 3+, PLM 7]
Wkl QokFof thdk Factual consistency2] AEE SA4shs Hrlmde] A4S ARSI

==

Factual Consistency W7IX|Eo| &

AR ack 2o A MAY QokRe] Ay HEo| ek Factual consistency B7HAIEE 7}
ndlo] shFol AREH tlolE o] FRol wel, AA onF fFAES S8R 7Rk Py
o2 ydth zAdoiFE2 g 7uke] WH-e ¢lojo]sf(Natural Language Understanding, NLU)
o|E|2 Sl5H Ao E(Natural Language Infernce, NLI) R&-& 7jdto g2 HE3 QokR 7} 9
nAo 2 AR ARE St &R 7wk HI7PPHE dojols] FoHWang et al,
2018)2] &9 FAl9} A o)-SHRajpurkar et al., 2016) FAlol] thafl Ee %S HQl mdo) He
5 B0 7 Wy RE 283t

ouF FAIZ 7|Hh Frpgale mdo) fAIS Hlw ool wet EE whejel B ©e 3
7} Wo] ok BEE 99 Pl A g BERT(Devlin et al., 2018), BART(Lewis et al.,
2020) 59 vy =¥ FHS L&t ET T FAEE H4E AESHE BERTScore
(Zhang et al., 2020) <} BARTScore(Yuan et al., 2021) 5©] At

4 =9 7k Hrpdaols dojrmde] NLU ARdsh: Al = w@o] ARE-EE= Cloze-Task 7]
Lo gt B e R B R B S R = e L ML L Rl R

Cloze-Task H7l= dojmd AR A ZH =& A5S B TextInfilling WES Q9=
do] 7ol &-g3} (Devlin et al, 2018; Lewis et al, 2020) 5& 1o} mEo] ALAS: HA =
A BT HWIZke A= Text-Infiling #HA17F &342191S 578 JTE. BLANC(Vasilyev et al., 2020)
= ol#g Aol Abs| Text-Infilling B4e QoKE9] AsB 7ol 2-8&3k= Cloze-Task 7|8 7}

4) Amazon Mechanical Turk: https:/Ammw.mturk.com/
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WS AQFITE BLANC(Vasilyev et al, 2020)= #4289k 2k Hrix gz &8sl ojn 3
FAIE Y AoJAA-Ao-gF Wl Lol PLME] AR ERF objective® Bo] ARE-S= MLM(Masked
Language Modeling)(Devlin et al., 2018; Lewis et al., 2020; Zhang et al, 2020)2 &3t}
BLANC(Vasilyev et al., 2020)°l A& Hi-Q0FEo] 4ol wet, i3 3 aokes A
(concat)3led ARE-3k= BLANC-help2t 54 dlo]go] tfd] =E-S finetuningdle] ARg3l=
BLANC-tune "2} A<ttt

AoYAE-AoeH H7le Tz EF WA Aol tet Ags e 2938 7A=
3 mdls AAEA 3t HrPHerE G833t ANAA-AYSH 7Ive] AR R
E+ SummaQA(Scialom et al., 2019), SummaC(Laban et al., 2022), QAGS(Wang et al., 2020), FEQA
(Durmus et al., 2020), QuestEval(Scialom et al., 2021), Qafacteval(Fabbri et al., 2022) 5-°] At}

SummaQA(Scialom et al., 2019)= Ho-&H HoJEI%] SQUADOIA 53 RE-S &Eaf HIAE
Aol gokR HWrlmdlS AQFSIST) (Paulus et al., 2017; Pasunuru & Bansal, 2018; Arumae &
Liu, 2019)0ll4= Ag3-4eed 2 7k HriRds t22EY #HA9F 22> CNNDM
9 89 HAY BE-AHaeF S &8 finetuningst] H7FEEE ARSI SummaQA
(Scialom et al., 2019)| A= S.oFFe] Eol thdk Factual consistency “§7FA3E = TLDR(Cachola et
al., 2020)o1 4 &<5 3k =El-S CNNDMoI A 2] A %5(F1-Score) 9} 7%= (confidence) S =74 3F T

QuestEval(Scialom et al., 2021)2 7]&9] Ho|AA-H |-+ 7|9t Factual consistency H7FE <]
TE5H7Feke] =7 ROUGE(LIn, 2004) thHl X PlAl+= S Beatr] Sl + 7R B7tR
do] 23HFS SAHI}=ZE AstATE QuestEval(Scialom et al., 2021)0l4+= SummaQA(Scialom
et al, 2019), SummaC(Laban et al, 2022) &< Factual consistency(precision-based)$} T&o] A1,
QAGS(Wang et al., 2020)= Zo]-8% =9 & S(recall-based)2} o] ki FA38le, £
%23} <9 QuestbvalS M2 H7IAEZE A QF3HSTh

Et! Factual Consistency "W7FX|Ee| sHAIE

HZY ALYk mdoAE QoFR A9 Hallucination &4 7487 913 W E o)
AJF= ATHS. Cao & Wang, 2021). thi-22] #AAT o)A BERTScore(Zhang et al., 2020),
FactCC(Kryscinski et al., 2020) 52] 9|v]& fAL= 7]9F W7} Z Factual consistency 714 A=
£ WU1skAth sARE o] 3o AFolA @l FFe BrPEAE 53 Factual consistency 37}
of tgk EAE A7ttt FASum(Zhu et al, 2021)2 NLI H7IAEE downstream G| ] Efol]
finetuning® 7-¢- AHASEE B7F R AMd AEA BrME At EAs AT

TS (Amplayo et al., 2022, Sun et al, 2022)A4<= H7IEE-E A5 dlo]Eel finetuningshA

QOFE QAR dy 7o EF09] encoder-decoder 22 ALASHSG BdS ARSI HPH
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et ko g A, AF 59 social bias7} AHITHAL FAEIATh wEkA o] AR =
o]l Factual consistency H7tRde] 58S £ o2 Hrlstr] 8l, downstream FHA|oA B
sl Adojrde] F8E Aot FEH o2 vlwsl| H7}Sl= Meta-Evaluationo] gt A+ 2
Y= ATk

MMQok Tledo| ofEFH T H Meta-Evaluation)

FFCI(Koto et al., 2020)9} GoFigure(Gabriel et al., 2021)ollA &= A ek mdlox Fag EAo
el ME O& AoE W, 44 4 ¥E HrARe F5H7F A 11 dued S

BRI =

FFCI(Koto et al., 2020914 = A 8oF mdlo] goksd 7| 7|02 4714 EA(Faithfulness,
Focus, Coverage, Inter-Sentence Coherence)< AIQFstATE Faithfulness= Factual consistency®] HEE
A% o, UHA 3 B4 ARQS F8ote 71EY 3Rt S Bt
Focuse} Coverage= A1&-&3} FUSE, Inter-Sentential Coherence= A4 ¢ fokFo] dHE S =
A3t GoFigure(Gabriel et al., 2021)&= 8.9FF9] Factual consistencys THHCE B71str] 9
g A4S WrHeY I H I s Sl ot 7R 2 A st

o] H7IAEE Z-&3F Meta-Evaluations XS5, Factual consistency A5 B7Hs 91%
WA E= Q17 53 7F Aot vl e FREE EHI(Koto et al, 2020; Gabriel et al.,
2021), 8] FF H/IEES PHE st gokwd Hrlo| o] 8= A7 (Honovich et al.,
2022)7} 3= ATt

AggreFACT C[O[E{Al

N

AggreFACT(Tang et al., 2022)= 7]

F 8ok melox9] Factual consistency “B7}ol &g AT
ARE B33t Factual Inconsistency”} HAISHE F 37 B4 ALg3l= QofRd RS
AE-F3ke] Factual consistency B7FE 913 B9® A QoF WA ua S A kETh AggreFACT

(Tang et al, 2022)= AHE 97) APATY) N2 g2 208 8 T4 Uz Tz EA|
nE}, 5 /AR oF R ARF

AQQEFACT(Tang et al, 202204 o & 4710 HALT Ao B83) oF 73 28
AR, aokwdo] zok Aly)e) we} 3 2HE TE3IATE AggreFACT(Tang et al., 2022)0]

i

AE QoFF A Hallucinationo] TA%E Ulat B Q40 wel 0 FFIS AEFEAT 2
FaAe Holg BE Yo o4& F T 4 Olf 2= ‘Intrinsic 252 3, I o=
Extrinsic’ 2F2} ok £ Q40 WE EREE QoFro 0FI} AA, Mg 5 HARRE
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B 7]0% 74$E ‘Noun-Phrase(NPy 272t 3k, IAIAAoY B4 T SREZHE 7%
755 Predicate’ 272t StATh oQo® AAATFY] A F £ HA AAA oF &
& gotsfor = 795 ‘Entire-Sentence’ = E-F7-3FI T} AggreFACT(Tang et al., 2022)ollA4] &+
S A7HA FE O EE-8okEolAY oF 7¥ E A FFY <& C>¢ Atk

AggreFACT(Tang et al., 2022)= A ek mdo] AQkA|7]e] me} ‘OLD, ‘XFormer, ‘SOTA'S]
Al 7K Z WY Transformer(Vaswani et al., 2017) ©]72] LSTM 5-2] Seq2Seq TZE Aol A
AR H&d ATHA AN ZARFS oD 3H L, Transformer(Vaswani et al.,
2017) T A8k mdd &83t 495 ‘Xrormergl SFTE EgE Transformer(Vaswani et
al, 2017) =0l 7= dHlolElE APAShse BERT(Devlin et al., 2018) ©]$o F71&<A A
A g B 55 A&s AdoMT Y g kel EokllA & %S Hole ATE
‘SOTA'Zk EF3ch

<3 1>2 AggreFACT(Tang et al., 2022)°] A&7 4709 AAATFoIA seH7HE AP
WA AR HiolE 9t aRdS BRE Zolth HF dHolEleR ASE BE 4% &
ofrdl HAPALE o F-eb Zbz7te] Hloly 7} ®ASI L, FatlolE oA FEETE Al <9

z st

=1 1
A} Fold A9E Fe FAZ wAsT,

(F 1) AggreFACTAHIM Na|st HolE] HE

e DEE
CLIFF FRANK Goyal XSumFaith
Doeument | g 0 0 0 0
A4
CNNDM O (0] (0] X
OLD - PtGen, TConvS2S - PtGen, TConvS2S
Q ok , ) ) )
£ XFormers - BERTS2S, TransS2S - BERTS2S, TransS2S
H
SOTA BART.PEGASUS - DAE
AeF g oF AFE X X ¢} X
703 i
;gg #d] o] B 600 1246 125 1853
#2942 2 3 2 3

CLIFF(S. Cao & Wang, 2021)= Lol A5 sk QF-rdd miet A2 /5
O3k 42 negative sampleZ AHE-3fl finetuning 3FSAT}. CLIFF(S. Cao & Wang, 2021)l A+ &
dd 299 YA FEHILE sl HIIRAEE AFR3F FactCC(Kryscinski et al., 2020)9}
BertScore(Zhang et al., 2020)°l thgh AIEAES T3l kR4 <] Factual Consistency 7|4 =
£ Seq2Seq TZ9] APHE: =<l BART(Lewis et al, 2020), PEGASUS(Zhang et al., 2020)<} H]x
Skt

FRANK(Pagnoni et al., 2021)= #&9 FAAHEE 283l TConvs2S,2} Transformer(Vaswani
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it
1z
>
=0}
o

0|55 - d&% / 27 7&0 o
et al, 2017)¢] #@ololS AR Zrzk BERT(Devlin et al, 2018)¢] #olo] o2 %713}8+  Trans-
$2S, BERTS2S(Rothe et al., 2020), Pointer-Generator W EL]IE 83 PtGen(See et al., 2017)¢} il
sl gofrdlo] gofiol tisl WA A} £ 2%l 5 vhdsHAl EFstd oo AAt 3
g FEB7F Aol dHEAS stk

CLIFF(S. Cao & Wang, 2021)= L oF&ollA A5 TAst= eRFFdl whet AAZAA &F
£ U3 A4S negative sampleZ AF8-3] finetuning 3 TE CLIFFS. Cao & Wang, 2021)°A4 &
<9 299 YAt £5HLE sl A EE AFE3 FactCC(Kryscinski et al., 2020)9}
BERTScore(Zhang et al., 2020)°l tigh AAEAS Sl SeF= o) 49] Factual consistency 7§78
EE Seq2Seq 739 AMHEs B4 <l BART(Lewis et al., 2020), PEGASUS(Zhang et al., 2020)%}
H w3kt

FRANK(Pagnoni et al., 2021)= #&9 FAARE &&= TConvS2S(Rothe et al., 2020),
Pointer-Generator W E$ & €83+ PtGen(See et al., 2017)3 Transformer(Vaswani et al., 2017)<]
olo]& AT k) BERT(Devlin et al., 2018)] #o]o] Fro.2 Z7]38}3F TransS2S, BERTS2S(Rothe et
al., 2020) =Ho] Qofwol thefl WA A9 & 81l T ThFeAl ERsked 9o AgA 3
g FEB7F Aol dHEAS stk

XSumFaith(Maynez et al., 2020)= Hallucination ¥4 ool FF3te], &Hd YAt 39o]
HE-QoFR Ao A span YA vl Hallucination BHAY o -5 A8, 5% 7F 9A12k2] loU
(Intersection over Union)= &3l &4 a8ttt

2 =FodA= AggreFACT(Tang et al,, 2022)0l4] &7/3 8979 &/ 3ol meh Factual
consistency @71 R Aol QokFoAe oF ofF ke A thal] dolEth HIIAE
o] AT Nl E s, B AFA e B8k Aol thgk Factual consistency B7HAIE F,
A% 89F toJH = €83 XSum(Narayan et al., 2018)} CNNDM(Hermann et al., 2015) Ho]E]

7= S finetuning 314 e WHEE ARE-3HC

At Wy
B AFollA= FFCI(Koto et al,, 2020914 AAgH A4 8o mdo] Hrlr|&s AHgate] A
oS FxeA o FHE FAT QR A e AR AR WoME T
ok sfdete 54 Aosta, EE-80kE Y 4 A ¥ WrlaE S A
3+ H7}171%S AggreFACT(Tang et al.,, 2022)2] SF#3 E7ol wial A-gsta, #oHs Hrpie
o] EA B A Rt 1Y dHdAE B4R
E AFeA= aokrde] AFH7IE 9% 54 5, faithfulness, focuse}t coverageol] theh E-&
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3} QoFE ko] BN =R} H4E SAITh FRCI(Koto et al, 2020)= LoFE9] H/HH4 =74
S A3l A4 80F dlolHAY AFaoks AR AT BEE-QokE 1] 455 9

A
& HAEE &8¢ S 5A dloEd finetuningstH 25004 AFe AHQcke s &g
o EAE RS Aok wEbM £ dFelMs B7HAE AA

HAN A Y2k ZZ Hlo]El(Narayan et al., 2018, Hermann et al., 2015)°] finetuninge] ZQ 3t

o]N

735 A28t
B Ao s QokE HrIE 98 47t EXulT X3 HrES4E g B e 72gs)
o], AggreFACT(Tang et al., 2022)] s~5d7teh vlwgity 7t EAvitt A4 EE-Q 9 49

WA E= o3 2t
QotFo| HyIEM: Faithfulness

E23¢1 faithfulness= S 9FZ7} E4& 11| Factual consistency <]

= oHEe AR T EEd AU AEEE ol drkt gl
=AE g2t} FFCI(Koto et al., 20200 2ok d9] fathfulness H7H-2 AE e AAHQ
Q o H7IAE (Lin, 2004; Papineni et al., 2002; Lavie & Agarwal, 2007)
o H7}AE(Zhang et al., 2020; Kryscinski et al., 2020; Maynez et al.,

rr

202005 A7 AHEEA e gk

B AFolA= faithfulness 549 H7HrE 2&3 QokE 319 9] AtE Aot
HE- Qo Aol B4 o9 (sentence-level) oW FAIRE SA37] f8 4 B ERsie
NLI(Natural Language Inference) BloJE] E7FZ <9l3] shsd =

. o}
o] FFword-level) 2P FAIEE ZAH317] 93] PLMY] EE EdFES WUt M2 &
1= Cloze-Task 212 H7}melS AL&3HT) Cloze-Task 29 HrlRdlS ALdsk: thA ol A
AR B35 mA7(masking)3kal 2-$-= 12 (Masked Language Modeling, MLM)S. 2 AP 8H5-S
21843 PLM(Devlin et al., 2018; Lewis et al., 2020)3 &3] QGE F YREZ nprP sl o=
# AEE vlasict

011

Stithfuiness = ASnu + (1-A)Swm (0<A<<1) (1)

B Aol AR faithfulness®] B7HFE 4 ()3 2ok 2829k Aol o
o] 49| faithfulness H71=d@ 2 Z+2; NLI9} Cloze-Task 7]1WHe] H7IA RS ALE-31-S uf
A4S Swet Swvdtal ok HFHOE F A4S 7S Fst faithfulness 549 B7t
Stitniunes= AT S\t Swvs 8l AT A7be Wrirde o 2

<
Mo

&7}
T

o
N

N
B g
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FaithfulnessE 3t <Jw] FAMg 710 B7Ex &

BE QokR 71 B4 £F ou|d §AM] 7|6k H7EA ¥ 2= BERTScore (Zhang et al., 2020
A&t} FFCI(Koto et al., 2020)+= Factual ConsistencyS =A3}7] gk NLI 7]¥ H7[AE=
FactCC(Kryscinski et al., 2020) 5% AF8-3AITF FactCC(Kryscinski et al., 2020)= downstream task =
AR QoF HolE Mol thEt X9 finetuning ¥ o] FQsith webA, B AFoAs Hxe
finetuning 34 ¢lo] PLM(Devlin et al., 2018)5 IthZ A}83}= w2]<l BERTScore(Zhang et al.,
202005 A&t

BERTScore(Zhang et al., 2020)°llA= Abzxshss =2Ql BERT(Devlin et al, 2018) =<l
contextual embedding& AR8-3Ht}. BERTScore(Zhang et al., 2020)= AHLofy QofRES go=z
ol = Tl A 24 BEF Aol T3l pairwise AR FAHEE AL

B dAFMeE AR 8oF o] FoAAA &= 4¥e 7HAsk], BERTSored] AH o=

Haok Al FEe AHESl -2k 2 o] AR He SwE AR

ol

FaithfulnessZ 93t Cloze-Task 714t HI7IA &

HE.QoFR 7} tho] 4=32] Cloze-Task 7]HF H7}A| 2= BLANC(Vasilyev et al., 2020) AM-&
gkeh. BLANC(Vasilyev et al, 2020)= EE-QoFF o] A5H7ME 93] PLMe] EES g3t
a7 B QoFE B AHIEE QoFEe B g fathfulness H7HAER Albch QoF
o] AA T ADSA vi2F @ EFS B s PLIMY] AR A1) MUIME 38t
AL, 7R ?J%‘“o‘él of wg} BE 2oFE-S A3 concat)5h= BLANCp St HE32 8.9F
Z47F Eie PEE RdS 853 BLANCweS AIHFTh £ Aol Hrirds
Holelo] finetuning® 7% M7= H7HAES HAIFA EA(Sun et al, 20225 I5H7] ¢
BLANCpE 21 (1)8] E&E-80HE9] ©ol 1o #HE SuuE &-83th

i.l[m Ha
2 X oo ¥

QekRo| WIIEAM: Focus and Coverage

-

T WA 371249 focuset coverages Ew-Q0FE A tis] AZ HRE drpg & 235
I JEAE AT FFCI(Koto et al., 2020)= focuss EE2] AR F QokRo] Zgsls AT
2, coverage= LFFY AR T BEE gle Ude] ¥ HA==2 Aotk

FFCI(Koto et al., 2020)0ll A= Hit-Q0FE 7He] AHH 9 ¢ % S48 Qs dojAg-d o3 H
719 29-S 289t} FRCI(Koto et al., 2020)= F2Ad-2o]-& 7|8t Factual consistency 37}
A EZ QAGS(Wang et al., 202005 A}-&-gith QAGS(Wang et al., 2020)= {9FEo] E3sl= &
o ARE SAsy] 3l SokEg |Nte R Ao EAH A" 23Ws Ak, AT A
of thell E&e 7o s @z dojgH Rl ~u oS FEE Qoo = &

L

[ox
r

of
rir
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o] Arero g AM&3} FFCI(Koto et al., 2020)%= QAGS(Wang et al., 2020)°4 A Az} @ oF
714k Aol 2 AL u), A o7 @t 4oy meo] AFLE fous S
o] YR &gk BHE, Agack 7wo® Ade ool ik AR QokE 7ut
o] Aol HBTE coverage F7HHGTE F&3cH

B A XE foous EAS BES AR F QoFR 7)Wle] S & Qe AR Holdt
coverage 54> QoFEe AE F BE 7Nk HoIHe & F de AEE Ho3th FRCI
(Koto et al., 2020)0ll A= Z42+o] 7habgol A Agackes AHES Ades 2, & dddAe
AGQoks F451x G BEY QoFRS ZojAA-H )-8 7|uke] Factual consistency 3715
g Q¥ o g A3}

7y B4 g HrHaE Tobr] s AR BE-20RE b Factual consistency B7HA =

gewt 2.

o

-

FocusE A& ofv] ZoyP-2o3F 7|W B E

BRE QR b Focus E49 H/MAZEEZE SummaQA(Scialom et al., 2019)2 AR&3t),
SummaQA(Scialom et al., 2019)= Z3lehy 7|Nke] Aok md %8 93] HosHE =
719ke] Qoke B7HARE AT AoUA-HeH =92 SQUAD(Rajpurkar et al., 2016)%
53 g Rdd dojgy RES 89t AN REE EE e s MYg
NAE AGOR e AYgsEs A, AosH Zde A dosd s sofeEs
context = E-83S W] 7FsS(confidence)ot FEE] thdk Flscores A48 F mdle] HAgo
= As3

B Ao EEol tigh focus SO FrHARE A (29 2ol EE-2FE Aol gk
SummaQA2] 7FHs = SummaQAwntidence2} F1-score SummaQAnS 713 3o focus 49 H7HH <
St = AHEZITH

Stos = ASUMMAQAGnfigenee + (1 —A)SUmmMaQAn (0<A<1) 2

CoverageE A& ojv] Ao P-2 e &H 7t Br/A &

BHE_QOoFR b Coverage 412 H7IAIEZE QuestEval(Scialom et al., 2021)2 AR-&3ic}
QuestEval(Scialom et al., 2021)2 -2 89 F42 E&° W87} Factual Consistency= 434
A ZF8%k Y&S g lojok stk =AY whEkA QuestEval(Scialom et al.,, 2021)2 £.9F
7o BEE U &) tigk Factual ConsistencyS “§7}8}= Factual Consistency(precision-based) =] <
SummaQA(Scialom et al., 2019)¢} HFo QokF 8ol gk e S(recall-based) A|3FEQ] QAGS
(Wang et al., 2020) Ato]o] 31 #S 29F 4o ik HrAEE AME-St)

¢
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Ols% - ZA2 / 98 SB| 112 YA DHo| 22202 7t 90 M5BT 5T
43 2 23

P Aol Aok Aol HrtE Y%k 7t BA ¥ i HUFESe} AggreFACT
(Tang et al, 2022) Hlo|E]S] 57} 2he] AHEAS 2dstal, QokE 7 U= FAHAE
AA3ITE ABREAS 93 QoFFo] EFE Hallucinationo] B3l ool QR AAlo) &g
3 BEo| Z3 2 gArdo wel UPow, 1 ERFE AggreFACT(Tang et al., 2022)04 2]
St 2 F F¥Y 9okE Al T8t APk ey ¥ md ERE wgith

Aol A3 AggreFACT tlolEl /- B B7EA & AMEHS T3t 2tk

MO

(¢3

HlolE Al A

Adddle oF 73 8 H/HAREE F8317] 9l 269 AggreFACT(Tang et al., 2022) Hlo|H
£ 283t} AggreFACT(Tang et al., 2022)2 722829F tlo]EJAQ] XSum(Narayan et al., 2018)3}
CNNDM(Hermann et al., 2015)9 thgk ohofst Ay ok wdlo] Axje tisl] B 27| 73
S BRI AggreFACT(Tang et al., 2022)2 272 8-S <& C>9 oAet o] ALl
2 EAol| we} EF3k9Ick AggreFACT(Tang et al, 2022) HolE1S &-&3l7] s AA
gde oS3 o] 13 Ft}h AggreFACT(Tang et al., 2022)14 AFH ozl #3 <o FAA
e QRIS ou|sh= “correct” ShE I Z5-S 15 HolE Y wel FFAINAY 4F
o A 9] 5}k AggreFACT(Tang et al., 2022)2] FRANK(Pagnoni et al., 2021) Ho|E F YF-&=
Ao g3 Hrhrd Z SummaQA(Scialom et al., 2019)9] & UHFIA7|Z ZHst A|9st
Ak A FAolA Goyal21(Goyal&Durrett, 2021)2] wlolEl= AAE] A3t A& 4= Al S
A A A A 23T

(E 2) AggreFACTS| 2F 7Y & XSum<e| 220 Cigt 22F 7%
Date correct Dital Extrinsic-Error Intrinsic-Error
(#num) Error
Total NP Pred EntSent Total NP Pred EntSent
CLIFF 126 174 147 125 28 7 48 33 10 6
FRANK 54 938 843 735 209 = 177 152 19 <
XSumFaith 202 2298 1943 1101 516 553 685 443 262 36
Total [ 256 3536 2933 1961 753 560 904 628 201 42
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(# 3) AggreFACTS| 2F 7& & CNNDM2| ==Z0i thet 2°k= 7+

(#I#):l:‘n) correct g(:::;l Extrinsic-Error Intrinsic-Error
Total NP Pred EntSent Total NP Pred EntSent
CLIFF 247 52 27 25 2 - 27 20 8 -
FRANK 698 552 419 313 188 - 288 230 77 -
Total | 698 851 446 338 190 - 315 250 85 -
HFHo=Z AgFAA A3 tlo]E F XSum(Narayan et al., 2018)3%} CNNDM(Hermann et al.,

2015)9] EES 83k AggreFACT(Tang et al., 2022) Hlo|EH9] oF #8 ¥ Ji4s <& 2>,
<X 3> Zth B A= AggreFACT(Tang et al, 2022)0A LA o] fo] wa} F-&
Ext-Error$} In-Error, 183l AA &7 /N4S Total-Error2 ¥AFY HA S dhte] 4
Aoy TR ek L/7TE BA TS 5 A7]ol FES ALst HAAsIReH, k9
oA FES AAS AE E5AE FAEA

= A

A% ol = BERTScored, BLANCS), QuestEval”), SummaQA8)ollAl 37igk wMAe] HrirdS ALg-3sh
o} 8oHE H7IE 9 B4 faithfulnesse} focuse] B+ BH7HESE 371 A A () 4 (2
9] sto]HIenH lambdas EF 052 At AF-S 7Ptk BERTScore= BERT-large
zdo §]ﬂ17‘°]°] 512 =25 W7tRAe| APdshgol AFgsioith metA 22e] Zol7t ol
2Fsh= e B QA RE 512 B2 A AFERITE BLANCE £23 S8oFER2
At o7t mdo] Aoy ZojQl 512 EES 293k E=E o} SummaQA(Scialom et
al., 2019)7} QuestEval(Scialom et al., 2021)2 3l =2 AAAAHES wef, B ZolE 400 E
2o, aokRy AAEE Aol Holg 100EZ 22 Agtgion, BE Aofd wAdA
AT dofede Al doed B2 d¥or ARERt:

A3 Zn

<3 2>¢} < 3>9 QFFE AE

5 A
EAnitt 9ok F ERol o 27t gokE Wt

5
6
7
8

BERTScore (github): https:/github.com/Tiiiger/bert_score
BLANC (github): https://github.com/PrimerAl/blanc

QuestEval (github): https://github.com/ThomasScialom/summa-ga
SummaQA (github): https:/github.com/ThomasScialom/QuestEval

= = = =
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M34H H3=

ciff_cnndm - 0.15

cliff_xsum - 0.17

frank_cnndm - 0.08

extrinsic-predicate
extrinsic-entire_sent
intrinsic-NP
intrinsic-predicate
intrinsic-entire_sent

error_type

(22l 4) B Coverage H71E42| Pearson AR

L)
g frank_xsum - 0.25
]
xsumfaith_xsum - 0.15
total_cnndm - 0.071
total_xsum - 0.1
l
E =
= 9
8 2
£
@
diff_cnndm - 0.11
ciff_xsum - 0.15
frank_cnndm - 0.065 0.098
]
g frank_xsum - 0.23  0.064
b

xsumfaith_xsum - 0.12 0.052

total_cnndm - 0.056 0.094

total_xsum - 0.088 0.039

correct -
extrinsic-NP -

o o 1H 0

0.076 0.074 0082 011 028

0.12 0 0.11 BO19 0

0.063 0073 0069 01 026
i i i i ;
g € s 8 g
o [ 0 Il 7]
o 9, & ° o,
202 g 3 g
a 2 5 a g
0 0 c
Y ¢ £ © ?
£ 3 £ 3
=] = b=} =
5 £ E =]
5 £
error_type

(22! 5) BT Faithfulness E71&42| Spearman AR

- 212 -

0.8

0.6

0.4

-0.2

- 0.0

0.8

0.7

0.6

0.5

0.4

0.3

- 0.2

-0.1

-0.0



xsumfaith_xsum - 0.12

05 A2 / 27 S8 12 4R} pHo| 22 Qo
cliff_cnndm - 0.11
dliff_xsum
frank_cnndm - 0.065 0.098
s
g frank_xsum 0064 0.12 0 0.14
R
xsumfaith_xsum - 0.12 0.052 0.076 0.074 0.082 . .
total_cnndm - 0.056 0.094 0.12 0 0.11 0
total_xsum - 0.088 0.039 0.063 0.073 0069 0.1
1 L} L} L} L} L} L
o L " E] 2 @
8 2 3 v 2 K g
i ¢ 0§ 2 & 5
w
] £ =
LI 5
error_type
(3% 6) "7 Focus H7184=2| Spearman AT
diff_cnndm - 0.11
cliff_xsum
frank_cnndm - 0.065 0.098
Q@
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(1% 2, 3, 49} (19 5, 6, 7)2 47 <E 2>9F <3 3>9] EFo| w2} Pearson3} Spearman
IAEE AZH35E Adjolth (T1¥ 2, 3, 4, 5 6, 7)olA FEAHOE &o] R fig 2F77}
A3 predicate’ ¥ HAFTF o] FEOJA 2FE o F7} YT ‘entire-sentence’ F & ol A
JAES Btk B3 /7Y oftd mEtAe e EEH 2E WioA e
‘extrinsic ] W3] ‘intrinsic 27 FFolA AATIF =4 UERSTH

7 B7led EE pearson ABAGFE BAIS (2E 2, 3, 4ollAE B AT 3o Ao+3E
faithfulness2} coverage H7FATolA =& AIEE BJth EE3 QFFE I ouid {4}
2 =43 faithfulness H7HE57E £ AAEE 2o we), oA ALE3 BE-Qof

oA ol FEword-leve) 22 AR ofrlE 7RG AolsH Rde &8 =7 FF
(sentence-level)e] &Ju]& FAIEE g3
(L% 49l coverage B7HESRE 2 FAEE BYol whel, *‘54011/‘1 A}%@ 3‘2?5'_%‘%
o W&S 2 s APk A3
< Aok Al EA A B UE T 8 v‘i—oﬂfﬂ *HE o%}“} 245 sl
focus H7He AR o R B AT A QoA FoF B FEo] WG 8
o B4 A, 8okEo] AUAA F=A Qo ES AT A, focus B A7t
£ Ho|7] st Azdnh

7y @7ted E2 Spearman FHAITE FAIG (IH 5, 6, 7)lAe H¥HHo® (19 2, 3, 4)

S5 Btk ol o784 dRls EEH 89kF 4 UR dA e A

<olo} &4 Aol B-E Cintrinsic predicate’>} ‘intrinsic entire-sentence’ &F -

ol A vwd w2 FaEs EAth

o>
<

Ay o
o>

zo o
rr

no{N L

0_
]
<

F

2
e} LT
< s

Hir

(19 2, 3, 4, 5, 6, 7)olA QoFES A qofwd Wg AWEs u) oo 79 H|
w3 o AAAAZS Bk CLIFFS. Cao & Wang, 2021)3 AME3H 49 A wdog g2 »
g iy & @Plti Bt (:LFJ 2, A= 094~1Z ¢ =2 AATE BHYY, (19
56704 ThE LoFd7= tiE 02 PIREY] AR v Gojd wisf vl s 4
=5 %Zl%t} LIFFOM 3‘*@4011 sl WS AAe] aoFrdo] thxstgo AREE W

H—]o] B} WM E ojv] A3 QofkrdS "t ) 4%40]91q A2 =

(g 2, 4)«] FRANK(Pagnoni et al., 2021)2] 4$% =& JHEE HYth FRANK 23
ALg3] xsumoll A =&
‘extrinsic Noun-Phrase' -3 |23t E= F39 7ol thall =2 Pearson FAEE E?&E}
(29 2 3, 4,5 6, 7)olA B89k 7t Hallucinationo] HAY3FA] 282 ‘correct’ 3ol i3l
ME FEHCE mg B2 AUEE B < 2>8 <3 3>904 IS 0;1 o, &
TAME &7 3 E F2d P FE5o® ARESE HlolE] o ExtEo] Ut AR
AHESE 5 71A] HIoJE 25 ‘correct 58] ®E =7} Hallucinationo] 2HAYSE THE 9
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el e BE £E ASAT e OF £ 3 BE FE FEse F714e ol

<& A>Sh <E B>E 2479 WHEY 8 0R4Y vicke) 4E dolHs] BEuied
RS LEHEECS

aE

B Ao A= FRCI(Koto et al, 2020)2] QoFE A&H7l WHES Ao 2jo] Fagh A
Q0FS ARBSlA] e WHOE H8E T UEF TASATE AggreFACT(Tang et al., 2022)°]
\
RUN

T Qo B oF 7S wek WHES A¥siola, d3AxE A te

LINTR S A0
ok
i

=
A A aof Aol FrEA e A3 A, aoHE Al AHEE aokrdd
2ol A Factual Inconsistency”} AIS £ 9o Atgt WHo] =& AATE HYH
i A4 Aloll, BART(Lewis et al., 2020)2} PEGASUS(Zhang et al., 2020) 2] Transfomer(Vaswani
et al, 2017) FZZ U2 AREES FAS SOTA F39 P8t mde ARG H$-
AggreFACT(Tang et al., 2022)¢] EE 7% w2 JAAAE BTt B8k 7t A
off AA Factual Inconsisteny 77} Ak ‘entire-sentence’ F-82] 4%, QFE-S AT HEL
=29t 2dof Aagle] 2 FWAFE Btk W] EE-QokE 3F W&o EIAI} |
© AtE 7R Aot B2 FREE Ko, ARKg W WU w2 7% Factual
Consisteny @77} §lth=s 28< WY & §ltta Bith

B AFoie B2 1Y B7HARE &8at, 8okt HriRde ¥s Huj 512
EZNA Agkete] Ak AT Bo] dolrk 11 8o i 54 4§ 1 EEes &
£ Aol tal A8 7hsde AT 2avt Aok FF AT olAe o 1 dole d¥S
283 F J=F ALt Transformer Al ] PLM(Beltagy et al., 2020; Zaheer et al., 2020)S &-&
& d77F desith w3 2d kY] JriAEE o3 FHE 7IWke] HIERH(Lin, 2004;
Lavie & Agarwal, 2007; Papineni et al., 2002) v ou)2z 245 ¢ & A= FHo] Q)
A9, oHES Hrlshs AAol ml FHTE BRo] vk wEtA A SR/ T ol&s d
7H& @72 (Sanh et al., 2019) 5= %f& H7 A o] A © 3k Hasi
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(Abstrach

Empirical Study for Automatic Evaluation of Abstractive
Summarization by Error-Types

Seungsoo Lee Sangwoo Kang

School of Computing, Gachon University

Generative Text Summarization is one of the Natural Language Processing tasks. It generates a short
abbreviated summary while preserving the content of the long text. ROUGE is a widely used
lexical-overlap based metric for text summarization models in generative summarization benchmarks.
Although it shows very high performance, the studies report that 30% of the generated summary and the
text are still inconsistent. This paper proposes a methodology for evaluating the performance of the
summary model without using the correct summary. AggreFACT is a human-annotated dataset that
classifies the types of errors in neural text summarization models. Among all the test candidates, the two
cases, generation summary, and when errors occurred throughout the summary showed the highest
correlation results. We observed that the proposed evaluation score showed a high correlation with models

finetuned with BART and PEGASUS, which is pretrained with a large-scale Transformer structure.

Key words : Natural Language Processing, Generative Text Summarization, Quality Estimation, Meta-Evaluation
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(E A) AggreFACTxsum0lIM2| 2F 7Y Y 2F-Q2F Wo| " Hrids
Data Total T—— e
(i) correct o Extrinsic-Erro Intrinsic-Error
Total NP Pred  EntSent  Total NP Pred  EntSent
Table A.1 - Average faithfulness score : (BERTScore, BLANC)
CLIFF 0.4621  0.4608 04626 0.4622  0.4691 0.4531 0.4558  0.4629  0.4539  0.4216
FRANK 04314 04217 04211 04209 04216 - 0.4248  0.4247  0.4257 -
XSumFaith | 0.4480  0.4430 04426 0.4460  0.4422  0.4366 0.4444  0.4455  0.4439  0.4358
Total 0.4445  0.4389  0.4374 04376 04375 0.4369 0.4413  0.4414  0.4430  0.4338
Table A.2.1 - Average focus score : SummaQA (ave,,.qp. fscore)

CLIFF 0.0810  0.0660 0.0653 0.0653  0.0549 0.0787 0.0659  0.0680 0.0622 0.0563
FRANK 0.0613  0.0612 0.0607 0.0595 0.0642 - 0.0637  0.0615  0.0810 -
XSumFaith | 0.0670 0.0630 0.0620 0.0655 0.0620  0.0551  0.0662 0.0662 0.0653  0.0632

Total 0.0658  0.0633 0.0615  0.0632 0.0624 0.0554 0.0657  0.0652  0.0662 0.0622
Table A.2.2 - Average coverage score @ QuestEval
CLIFF 0.7755  0.8008 0.8112 0.8053 0.8012 0.8938  0.7734  0.7963  0.7605 0.6785
FRANK 0.7610  0.7299  0.7286  0.7330  0.7029 - 0.7388  0.7458  0.6831 -
XSumFaith | 0.7163  0.7290 0.7269 0.7378 0.7342 0.7003 0.7408 0.7506  0.7323 0.6663
Total 0.7258 0.7345 0.7316  0.0000 0.7280  0.7027  0.7421 0.7519 0.7301  0.6630
(E B) AgoreFACTeuv0IMel ©F R & E2-2us 4o BF WS
Data Total Gou e g 6 e as
. correct o Extrinsic-Error Intrinsic-Error
Total NP Pred EntSent  Total NP Pred  EntSent
Table B.1 - Average M qith utness : (BERT Score, BLANC')
CLIFF 0.4996  0.4855 0.4810  0.4865  0.4226 - 0.4896 0.4955 0.4781 -
FRANK | 0.4929 0.4697 04666 04651  0.4656 - 0.4679  0.4661 0.4723 B
Total 0.4929  0.4793  0.4674  0.4664  0.4657 - 0.4699  0.4685  0.4729 -

Table B.2.1 - Average M focys @ SummaQA(avgprop, [score)

CLIFEF | 0.1553  0.1447  0.1455  0.14979  0.1160 - 0.1430  0.1501  0.1154 -
FRANK | 0.1494  0.1197  0.1143  0.1123  0.1150 - 0.1190 0.1174 0.1189 -
Total 0.1494  0.1315  0.1162 0.1149 0.1151 - 0.1211  0.1201  0.1195 -
Table B.2.2 - Average Meoverage : Quest Eval
CLIFF 0.7323  0.7250 0.7363  0.7384  0.7103 - 0.7060  0.6984 0.7165 -
FRANK | 0.7103 0.6856 0.6811  0.6822  0.6701 - 0.6894  0.6864 0.6902 -
Total 0.7103  0.7015  0.6844 0.6863  0.6706 - 0.6908 0.6873 0.6927 -

- 225 -



eIX|ntet, X34 3=

<3 C>% AggreFACT(Tang et al., 2022014 g2t QokfolA WA= &F 78 47149

Aol ZHzke] @ ME QofFoM Lf7F BT Bidle H2 SHE F7]sith

Ho

(E C) AggreFACTS| 25 73 ¢ ofA|

oA
The first vaccine for Ebola was approved by the FDA in 2019 in
the US, five years after the initial outbreak in 2014. To produce
mo the vaccine, scientists had to sequence the DNA of Ebola, then
- identity possible vaccines, and finally show successful clinical trials.
Scientists say a vaccine for COVID-19 is unlikely to be ready this
vear, although clinical trials have already started.
EEEE] Lo o Al
T\?gillllliilg;ase The first Ebola vaccine was approved in 2021.
Intrinsic- The lengthy process of FDA approval for the Ebola vaccine
Predicate has led doubt to a COVID-19 vaccine could be developed safely.
vat.rmsm— China has already started clinical trials of the COVID-19 vaccine.
NounPhrase :
Extrinsic- The first Ebola vaccine is approved in the US, five years
Predicate after the clinical trials have been started.
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