The 35th Conference on Computational Linguistics and Speech Processing (ROCLING 2023)
Taipei City, Taiwan, October 20-21, 2023. The Association for Computational Linguistics and Chinese Language Processing

WordRank: A Word Ranking based Training Strategy for
Abstractive Document Summarization

(—EAAFAPL 0940 F XU E A 4Rk )

Hsiao-Wei Chou!, Ping-Yen Wu!, Jia-Jang Tu?, and Kuan-Yu Chen!
'National Taiwan University of Science and Technology
Industrial Technology Research Institute
victor88041559Q@gmail.com brian.923080@gmail.com
santu@itri.org.tw kychen@mail .ntust.edu.tw

&

IHHE—A-EER ﬂﬁﬁ—ﬁ'ﬂ)’rm’%
aﬁ s FAMKES T — %Ii‘—d‘??ﬁﬁim §

FRE DB % o M4EF (Keyword) 4 T
FTAMEEAREETHELAE > €A
FREELENIHE - TBRBOMA -
e BEF SRR EAAMEFTH
XHHEREA Kiy s BREEABT & —
1B BB A AR » VAR — 1B B 42 54K
B Rl agd 2 Ad AR o BHMEFAE
R AL G H A ?ﬁ%iﬁi&%@%@}i@éﬁ
RIAE s A SRS okt FRIEAL - HEA
o KRBT RE AR E—EXAFBL
T H N B IR - FRAFMEF
HERAI B RERESmE— Bk &
B RAET LB B HAZ =l U R A B4
FopTRBEERHMETEALTNRE
AWML THRERBET 2 ARFL
AR AR F AR o BT T AR BRI
F0y Ak 0 3B B 7 M 4R T R BLAY AR FE A2 o
oL T AFARAT 8 PR o

Abstract

Document summarization has always been
a classic and important research topic, aim-
ing to condense a given article into a few
concise paragraphs. Keywords, which usu-
ally convey the theme, focus, and core con-
cept of the content, play an essential role
in the document. Therefore, many studies
in the past have proposed keyword-based
document summarization models. How-
ever, these models usually consist of a key-
word extractor and a keyword-based sum-
marizer. Such a design not only increases
the complexity of the process but also may
encounter an error propagation problem
and will also lead to redundant resource
consumption. In view of this, this re-
search dedicates to proposing a word rank-
ing based training strategy for abstractive
document summarization, which mainly
focuses on combining keyword extraction
and document summarization. On top of
the training strategy, the resulting model

can automatically select keywords in the
document and generate an abstractive sum-
mary based on these keywords. The ex-
perimental results show that using the pro-
posed training strategy can indeed effec-
tively improve the quality of the abstrac-
tive summarization and achieve good re-
sults in the keyword extraction task.

Gk S R R E SR SR
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S8 &8 B o B Aw B X (Extractive) $2
55 (Abstractive) M KR o B X 48 & &
PR TEF » PREAME o) T R AR R
ﬁ%iﬁ%@m%ﬂﬁ%@mu% & 30
EGHFR > M OB E T RE LIRS TR
BiE - aAAIAERN G TEH A THIE
SHT S EHRFNE > AB LT
AW EAR > X AMBIEEAE - £F
R REEH (Deep Learning) EO R R
#%’/J' FEARFBZTREARLGEE RS AR
#% 3 £ A& (Natural Language Generation) &
BT —ERA o B B3k LR EHE ~ BA
SE R E) 6T > LA A ELE R R
A% o Ak G XIWEE > BRI RA R
HPIERA o ANV EEIEGRBRET >
WMEXBEEHFATRRTE—EFFER
5] (Sequence-to- Sequence) g B > ARk
EX—RIXFE BAFEREZRIFAEAL
—BXFRFI ’VF%X—?WJ#@—@
EREZEGIERT » FH 257 MY
B0 B B ik XAV & 8% (Recurrent
Neural Network, RNN) FfrEH‘* (Nallapati et al.,
2016) 5 # % > Ei%L e & A (Long Short-
term Memory, LSTM) $Z ] 1\4}35 REALHY
(Gated Recurrent Unit, GRU) % &K & &8 X
M mgk g REAHSHRE (Li et al, 2018;
Shi et al., 2021) : R & » &# /' A (Trans-
former) RIE K& T &Kk X EYFH 4
AR AR R A EE ﬁ%%(%m
attention) K% & F 4 (Token) 5 # X F )
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M A% > b fE &4 A KRBT R IZAB 91EFH P &
&AL 3K (Vaswani et al., 2017; Raffel et al.,
2020; Reid et al., 2021; Fan et al., 2021) ¢ #&
sboo @ BB R A B KRBT IREART 5]
EFP| MR T REM

AR T (Prompt-based) #9448 242 7 & 91
FR—AERGT R G 0 SR RS AR
AR R A A T3] R T
(Liu and Chen, 2021; Luo et al., 2022; Narayan
et al., 2021; Ravaut et al., 2023) ° £ #A#EH >
AT — BRI E A L E R 0 TR B A M
RFXALBGTEERT —HIAHZ
A MR EEA RAS T YT REE
BOTRINAE R MEEL > AHHS
B RN BAET I AR R K3 — B A& M 42
FRETBEGTFHFER  —ALTESHEFTRE
B TR FR ARG E o AT AA RA L
T EATHM o AF T BT SEARE 5 BB EAR
WL FEGES » EATHZGER - FBHROR
BT 0 BRI EA R BB 7 X AR E b —
AAE s b A T — M EFRAET G THIR
o UR—AESHETFRAET G FHRLFY
A A RAER o R o desbAf A0 RAL -
A2 fg B A 453 1% & (Error Propagation)
By B RE > R B F R R AT o W A
B o sboh s MR GIE T EmAA o B E
#m ARG EREZ (He et al., 2022; Dou et al.,
2021) ¢

AHEAL s AR E—ERAFRL Y
FAMEM F N EREAIRE - R HAEE
WordRank * T EZHA=ZKER - F— > BT #
RGP EREREA Z B KM B E R
F2 A D &Rk AR AT B S8 3 69 A B S B0 4 AR
BAE— s WA LELET R LER  HEHE
A RAET A B 302~ BB 42 F > wak iRk
BEABE - FH= > BEHANIHZE X EEA
IR ET AR AR E X RN G B R
HEABEEY > BABMEE TN o K&
KM EEF R AARERGEANEN B
XA R RS E RAR A F X B AR
Pegasus (Zhang et al., 2020) ¥ BART (Lewis
et al., 2020) WAL R F XM L% - TR
HRET AR AT RR B GINRIEEK > B2 K
AR A A SRS F X8 B 091555 A3k o

2 AR R

2.1 ®7%% (Prompt Learning)

WK RTPLEHECHEA KRBT RELGER
P Z ko B AT A KRR KA
TAINREZHEAE R A EE T HEH (Lin
et al, 2023) A B & X A REZ A R
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B Bl & (Radford et al., 2019; Brown et al.,
2020; Schick and Schiitze, 2021; Li and Liang,
2021) o #atdh G X EEH R > RE‘WE
AR I g 38 R R R 5] o AR AR T LA AR BAF
SRREMEHER ERTET AHELE
8 &R ° CtrlSum (He et al., 2022) &4 7 —
RTHEAGHZER - AR 8 HR I B 425
Fo AR R T RBEREAR BT 5 ERRE 7
W 8 42 H] 0 ALAF IR A B 38 B R T AR g 4R
7t GSum (Dou et al., 2021) A& A § R EARH
BRM  E—F RN L FHAHEI > e AT
— B3] EE MGG R > ARIFEAET R 69 E 5] R
W O(MsET ~ M) F) AR BN A RAE

4 48R
ARE -

2.2 #1L£E (Contrastive Learning)

H2E (Hadsell et al., 2006) & &M ZiE
Rait@mpgii - FA—RaEF2EN
7 X o £F 2 SimCLR (Chen et al., 2020) #
HEHRAABGY AR FAT A
18k (Contrastive Loss) 314k 69 1 & 48 3848 3
8 BEESEY (Self-supervised) R+ EHFH
(Semi-supervised) 7 % » A& AT £ 47 89 4E 7
AL o MRt > AR RALEANBE B REBZS
BIEARR P o SimCSE (Gao et al., 2021) 42 i
T—EERAHLETHESE  LHHFEIR
EBE AR & N (Sentence Embedding) 1
1TNBRE 7 ik > e LAFEZAMME (Semantic
Textual Similarity, STS)(Yang et al., 2018) £
P iEs AL EEEZY (Unsupervised) 4=
FEHZGORY - AARIALRTTEWS
K ZAEH > SimCLS (Liu and Liu, 2021) #&
BT AR YRR R RO R 5 69 A R
EHERTY > HB AR A HH R
AL R > B AR E R R A R UA o
£ #—F 89 » BRIO (Liu et al., 2022) 2142
T AR A SR AR TS PR R AR R 69 3 LI AR
% (Cross Entropy Loss) $ Fadt SUA & H 89 %
VeAR RAREE A o R B A RIS 1)
A6y > migMEINER Ty XA AR 2 dh . X &
B L AT IR F AT 69 A o

3 A Fh F XN RE

3.1 G R R R

G X BT —BEYGFFEFT
Bl Lk RS —REABENLE D =
#HEY = {wl,...,w|y|} o VAT gé%‘%
B AR R AM%BAGE (Encoder)
A A5 & (Decoder) # #897 X o £ 9 #
o BMEAKLETHEHE—MEFTH (To-
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ken) ## @ TR Tk ¥ E G EA
o TR — AR R AL T A 9] 0 A ik
HQ,o = {0}, . hp )} o #3 » RAVAE HY, 0
NBEW Lo REMSUARNOBAHE » H—
M E LR B EEN KB (Self Atten-
tion) ~ 7% £ ##% (Residual Network) ~ & £,
{t (Layer Normalization) ¥A B ] 8% #8% (Feed-
forward Network) FT &85, :

aLt=LN(HL + sAHLY)

enc enc enc

H...=LNH,}+ FFN(H]))

Eenc enc enc

(1)

L SAREBEZIHRF LN &5
B EFRASFFN BlAR#ERAE & | ¢
{1,2, ..., Leney B9 EFR KRG R - 515 —
#A9T BEEN R AZENMEH (Atten-
tion) 898 % (Lin et al., 2017) > MM A&
W@ B89 AT AR B £ (Query) ~ 427
(Key) $24&78 (Value) :

Q! = Wé—lﬂlfl

enc

KU = Wi e )
- - -
viet=witHL !

b (WL wist Wity B Ak e % ey A%
WA QUL KL VI SR AR W
el o 3 > AR AR SLsE A E—
85 5 $2PT A F- 45 69 40 B AR K

l—1Kl—1T

SAH'™Y) = softmazx( Wit (3)

dmodel

EF Vdode B —18 4 # 1% % (Scaling Fac-
tor) * dyoder BI AW E O HEE o AR 0 AR B
A B SR 6 A AR R o w8 B R A A — 18
F #8696 € &% (Bahdanau et al., 2015;
Luong et al., 2015) °

P AR B P AT AR A — B
et @ 1% > th F X R AR > A5 b 7RG
BRTR o BEGEEFlixd Ly, B RGETH
BHTMR BT AEE AN - REEAR R
SEEHAC A BAT B ST o MRARE TR B R
&2 X iz & A (Cross Attention) ° £
BEEN s RAGH B4 F XNBBEEZUME
Foyr N —BF—EFRFGHE  TAg
ZEAR g BFA wy, B R E AR
Y<y = {wl,wg,...,wy_l} ° ﬁ]#ﬂiﬂ@ ’ &{Fﬂﬂ%——ﬁ:
—AFHRBRAREE LA TR LEAE G S
oo R HY, = {hY,..hY_\} » B R

dec
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RPBITER @

Y= LN(H + SAHLY)

dec
Ayl = LN(HH+ CA(HE< HE L) (4)
Hj.. = LN(H}.! + FFN(H.)))

EF CABRXLEZABRAH - L LEZN K
FEAEENIERHMGEE XL 2HR (£
FX 29 3) EREER LEFENHHANEA
Al EAEREA G EH > mAR Hlene
EAESEARAEE (Vaswani et al., 2017) © 218
Rt AR A R RN > 2T A
C 48 BB FHAFIFR (B HY) 0 hesy
FlBf 5% L6 R (Bp Hlenc) o 4% > &
142 0 B S A A B dh R XA AR S K
IAREFE AR K B

1Yl

Lyre =—) _log Pwylwey, D) (5)
y=1

3.2 AAFEBEL 694 F XA A I RE
ERAGH B EXBREEVRET » A
BN BB LEEN RPN E RS LRSS
AMEEROAG -  ERHET AEEHK
LE SELICES S LIS ALFE S
MERE—BFHOHRREBEAE AT S
ERBEREN o BEENERFIR K WA
RO FHFINEFEAE > BB LEE
Ty A o A S B AR CAR AR A 6 F A 7 7]
—HER AEETRAEAEAROBEAR
FE—Pib o EXLEENBRHGELTY > F
PR AE 2 M 69 B AR 0 VA A AR 6 7 X AT
(%X 3) ARFHAOETEATEAE—EH
B AR B R AR ERE ARy
FOMIERE - WRhREZH  FHEOTRATENR
BARR (BP A4 a9 fa8 K ) » AT AR AR
AREMIERGBFH - Bk ZRELFETH
BFNFRTEREREK  BREEL RBZ
B hAREAEA A dbE TR LT > R
AR H BAF G E XBRER -

HEAL s KRR E —ERAAFHL Y
M ERXBEREAINRE > MEHEERE TR
BB EXE TG MET > b AiE
M FHEART  ARSHE EH - REEH
B FERWE - BHiE—B ) » KM 8L
JRFAHE D = {(D1, 1), ... (Dip), Yip)} F
W — BB EEE Y RATFMAEE (Part-of-
speech Tagging) : 4% » &M K=MK 5 &
#3 (CC) ~ #F (CD) ~ 4 & dr#a (MD) ~
7 (DT)~ A7 (IN) ~ H = AHEHI
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C? = {school, Alice}

f
D? = {bike, Alice} C = {Alice, school, Alice}
f f
Keyword Candidate

Transformer-based . o .
( Encoder ’ ‘ Generation J? {Alice, hospitalized, going, school}

T T POS Tagging &
| Noise Removing

D = {Mary and Alice go to school by bike. On the way, '
Alice had an accident and was taken to the hospital.} Y = {Alice was hospitalized while going to school.}

Figure 1: AAFHEL 0940 L A L HE B INRZF AR TEE o AL F D = {Mary and Alice go to school by bike.
On the way, Alice had an accident and was taken to the hospital.} #24& % Y = {Alice was hospitalized while going
toschool.} B o AHBEER Y BATHAMARZRBAREK » T 7T {Alice, hospitalized, going, school } w18 5
B Alice ¥ school A £ XL =¥ HH, » FTAZE LF TR R FRAF A C = {Alice, school, Alice} * Bf N =3
X EERMEREERKY 2 BAFH > AN K RE 20 T2 C? = {school, Alice} # D? = {bike,

Alice} » AT At FAAM 8 £ % O\ D? = {school} * @ D?\ C? = {bike} °

£ XHF (VBZ) > vA B & P 645 2 4+
to(TO) ~ wh M3 &% (WRB) ~ wh H#Z
K47 (WP) ~ wh S8 £ &3] (WDT) ~ wh
B 28 BT A & (WP$) » 3 B %45 A5 (Stop
Word) —# ks &K > #THFFeR
AAEHEGLE D FHA > KAMABKLEA
BEFHREFEENRLT C = {0, .., 0w}
BT EZAE > FEEMETER N LAF A
$#AXLEDWKRE D 2B C ATHRER
FTHOFRK - M BRLB 1A T o

XE D ABBRBEYREL &
—EFHFALHEYQELRTE E
{ewrs s €wppy 2 B b & AT T A B B — 18 F 5
AL QB ARTERE OTHEAE— @
RERMRTFOMERE RUEDELRTE
By RE > R AEMZERSE T FERIT K X
BFEH oK = (Wi, iy wEXEF
WE@ERTERERKRON K BFHF
DK = {wP™ . wR"} o DX RFEAALA
EXLEZARFNTHERARZYA K 18
FH o m OK P ARMBE T LEENEA
BIER Z AT K BT o #7353 » &M
wECK DK EE2%F  LRAAEBEH
B AR XA &0 SE 0 4T R EMAT
BT AEEMAETEZ— B o Bk JLREFHY
BRIABRTRE :

Lwr =maz(0,5 — S +margin)  (6)
Q ’ewi|
S= Z ]DK \ CK| (7)
wiEDK\CK
5« — ’ewi‘ (8)

w5 VDA

|D|
N dmodel

L DE\NCKE REE&DECE 2% >
IDEN\CK| AT E2FNGALFBE > |ey,| 2T
FHEOE e, WRE - MEF—REGZ - |DE\
CK| 2 |CK\ DK| % Z48F 89 5 margin X
R—AEZAE > LRI ERAZEGK
D LFEFHREMETHR N~ ERGH T
HK ARFHOEOERTEEE dpoge ° K
#o RAVE SR 2 X Z A5 B 4%
SR AFBEL BB R R EBER S BT H
By IR B

margin = | DX\ CF| «

L=LyrLe +Lwr (10)

FERRBR T —REBEYLEEL B
HMEGTARALENF—BAFHER—BOE LT
o BRMTRERA LA TENORE K
AXEPTROMAET - FHBHS > B2
B REXLEALAAMBTFRTOHER
o FHb > ARREE > RMFRAHL SR
ITHIMARE » BAN B $3H B TR MET E
AREREROOERTE BREMERELL
PREF o TV MR EIR T AR AG B 4E T o AR 0 A
18 & > TERAFIYEL 093 F A 4E 2
RN RETRAA EXEAEN B0 E B
FAEAARE L LAt R o

B EA
4 HW
4.1 FEHRZ

4.1.1 FHE
EARFRF > KM CNN / Daily Mail
News Summarization Dataset (CNNDM!)

"https://cs.nyu.edu/~kcho/DMQA /
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CNNDM XSUM
R-1 R-2 R-L R-1 R-2 R-L
Naive Transformer 40.88 17.88 37.80 28.38 9.20 22.60
Naive Transformer + WordRank 41.09 18.16 38.02 29.47 10.03 23.54
PEGASUS (Zhang et al., 2020) 44.17 21.47 41.11 47.21 24.56 39.25
PEGASUS our 44.20 21.35 41.03 47.21 24.36 39.01
PEGASUS + WordRank 44.28 21.48 41.14 47.34 24.49 39.18
BART (Lewis et al., 2020) 44.16 21.28 40.90 45.14 22.27 37.25
BART our 44.29 21.26 41.05 45.08 22.07 36.83
BART + WordRank 44.55 21.55 41.38 45.25 22.24 37.07

Table 1: PEGASUS #2 BART £ CNNDM

(Hermann et al., 2015) 2 Extreme Summariza-
tion Dataset (XSUM?) (Narayan et al., 2018)
KB RAPTI B 0 RA M4 F R T4 E X
#ER IR E - CNNDM £ o A 4 T AL
B4 (Cable News Network, CNN) #Fe# B %
# (Daily Mail) &9 B U A7 4088, » &AM 4
BAFGEGHBE > HHHLERBF RS > @
7% (Highlight) PI#CE R L £ 694 % X4
£ 2% (Nallapati et al., 2016) © XSUM & ¥A
& Bl & ¥ 3] (British Broadcasting Corpora-
tion, BBC) #9#f B L3 BT o 89 B4+ & » A8
#7 CNNDM * XSUM 893 & A2 48 F 24
—¢ PHAIFHRNFEFALZZRK X
B S EWMG BB EHE -

At 4% ROUGE (Recall-Oriented Un-
derstudy for Gisting Evaluation) (Lin, 2004)
1k B B & UHF 38 23 R 893345 7 % © ROUGE
A—HEFRAFARBZREARGFTL S
FoMHNAAHETADBEAL ARG R
BATRGHFEF R GAMEF B H o
ROUGE 4 # A dst B A R H R L EH
M ERGBAAAEL (HleFH -~ B 7
) REAAMGIMEZE o HARBAE
— B0 B PR BRI AE S E R LT
GBI G o b H AR R RFE 8 EAL L EEATI
B o F AR — M - &4 ROUGE
KRATELAEZREG TR BHRT I RE
i Rx R > Bk R B P
AARZOGARNMK - HHIARESHHERER
FEFEHHEILT > ROUGE 4 A 2 Btk
IR B BB SRR o £ AT R 0 RMIK
AT ROUGE-1 (Unigram, R-1) ~ ROUGE-2
(Bigram, R-2) »A% ROUGE-L (Longest Com-
mon Subsequence, R-L) & =42 % A 694542 -
ROUGE-1 A#A#E A 34 G EHERE »
ROUGE-2 Rl B iz A E G R &
ROUGE-L Bl # &4 B Rkt 4 F T/77] o 3

*https://github.com/EdinburghNLP /XSum

#XSUM BHENHEZABETHER -

WA SH R AEAR - RATAES B A @I
B B4 & A G KGR A~ B AR
S E AR F @A AR

4.1.2 BHRM

W A AT YL 694 . XA R AR D8R FH T L
MEXEAGH BB EEAES » FAkK
& 4FF A A X &M PEGASUS(Zhang
et al., 2020) 3 BART(Lewis et al., 2020) °
WAL TR 6 TR kAl F X 2R A Lt
VAR R, 4 A6 AL 4 $ 89 Transformer(Vaswani
et al., 2017) » Transformer &9 /& & ~ #1 A &
BVAR L RF T B BART B A — 8 &M
W e AR AR BN RFE > ZF T
B A HIG R 0 R AREBE RN
AR o IR E PEGASUS? 2 BART*4
& /& 8 7 Transformers Library(Wolf et al.,
2020) © f£ 3R EF > &1L B & Adam (Kingma
and Ba, 2015) > @3 H Lyre B0 G %A
label smoothing (Szegedy et al., 2016) # 3 Aif
RBACBAR D A B AT > $ACREBCGLT B
0.1 > 5% R3XE A 2x1073 min(step 25, step-
warmup 1) » L P 89 H FH warmup R E
B 500 » step R AT EK o £ EAFEPEL 8
M F X EREAIRETF o K& B AR M 42
FAE K RXEEMA & LFEFHE B R E
EWET W K = NS&EEH 32) Bk
Kg-x—B%%& > rA—EEZTHE - TR
R EYERET (GPU) & 1 5%k NVIDIA
GeForce RTX 3090 5 #£ CNNDM ## 4% Lk »
&R 1 K&K (Epoch) #F 12 B> A
XSUM FH42 1 R&ENXRGE 7 DB K
# CNNDM 347 2 %K » XSUM 214 5
18 » R FRINERAR 89 5 BOEAT I > @ Trans-
former £ CNNDM ¥ # 4T 14 &K » XSUM

3https://google/pegasus-xsum and
https://sshleifer/pegasus-cnn-ft-v2
“https://facebook/bart-large-cnn and

https://facebook/bart-large-xsum
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Bl & 23 18 o

4.2 Twm&ER

4.2.1 #HEXIHHE

BB —WERAR » £/ E kb PEGASUS
2 BART B A 7440 § X3 oy Rt &% - 40
MERw Z1PT o BT &RMETAY PEGA-
SUS $2 BART #4& #4569 R R 9> R4
WA AR T ZRAKRLP 0 RATTRE
R, o RF R EF IR IR AE R AR
Bl BRTEMOEARAGELATRELLSEY o
AR ABRBEEAZ > KM AT A5
RIBEZAAFBEL 094 5 XEEEA IR
% (WordRank) » A8 M &R R kw4 KL o
RBETRER > BHEEINRE > THL PE-
GASUS = BART ##& » e % X4 &
fE7%5 ERAT iR o BIAAR AT 0 AFF
FI L I X2 IR E > TEET R
PR EAR > RELMARZAINGHET
RT > RO BEEREF > LETTE
BN ER 77 ik » FEE AR08 R R 69 4 % X4 24
RlAntd b > BIAFF TR

4.2.2 MR
B RME— PR REA LT LM 32
THRLFERNRSEFOEGS c ERATRT - &
1A CNNDM A 8 813X & BB > A1 U AT
HIEOHBEE > FAFAMAZZREE > BF
—BXFEZ TR —aZENMT (FatbkF
ZMER 3.2) o #HF o RITE L EMAH BAE
MRS » UEFAIE—EFHGEaEERT
ko HMmmEATRNORE  AENERLE
PR AT | Rk BT R RMFHE
MERERKRGIM I -5 10 BFHF A%
Yt & B A% E 4T (BP Precision@3 ~
@5 2 @10) » RFFAEIE B AL 50 B 42 5 TR A
By AR AR ERE R ROFT = - B2
BB ERERTAER » £A A XAFHESL
B Fh % XA 2R A IR L% » PEGASUS 2
BART # A %4 £ M4 2 FAR 0 TBHRAEH K
T2 AR o — B R REFH AR R
REZINEEETTUMAEMEFRARZA -
BB AL LA T B B B 42 2 AT 4 JE 69 75 &) 2 AR
FHmk T » HAkihF X@BEHU TR Lz
EAMB ERMIEARETRGMEEFE &
420 R e B AR AT T |

Ik o KA AR A R K BERT #9
Bl 42 5 TR A A2 A 48 L (Gehrmann et al.,
2018; He et al., 2022) > 48 M & R Fl ik 2R
%2 ° BERTpse ¥ BERT grge 2 F1 XA AE M
12 32 24 B oW SEAZ KAFAINRBZHE
Ao AT Z F o KM eAE AR E L
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top3 top5 topl10
BERT}qse 72.76% 66.49% 56.43%
BERT 4rge 73.30% 67.70% 57.86%
Naive Transformer 26.48% 25.91% 22.27%
BART 9.84%  9.76% 9.77%
PEGASUS 11.67% 11.60% 11.37%
Naive Transformer + WordRank 62.37% 56.77% 45.82%
BART + WordRank 73.80% 67.09% 56.48%
PEGASUS + WordRank 75.22% 68.60% 57.55%
Table 2: MéFHEAITRHRER -
top3 topb topl10
epochb 33.81% 32.54% 29.96%
epoch8  32.15% 31.18% 28.85%
epochll 28.83% 28.27% 26.58%
epochl4 26.48% 25.91% 22.27%

Table 3: Naive Transformer ¥ X&) 4257 FAR 42 R 1k
8 o

AT B 4 AR 609 T AL R (Finetune) @ 3
BRAZEEFE—AMANFREIT=ASH
FIBT RGBT c A ERERTUARER » &
Ak AR AT BEL 0940 . X B 6k % )
BT (B PEGASUS+WordRank 32
BART+WordRank) » £ ] 4& 5 78 5] 69 At 4 $2
Bt M FHARANEA MM LT £5 PE-
GASUS+WordRank #1% 7 s ik A2 4 T 4 &
FLFALAREE BERT g © BATRER
AT TR AAAB AR EIANFA L
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CASED UNCASED
R1 R2 RL R1 R2 RL
Naive Transformer 40.88 17.88 37.47 40.12 16.94 36.54
Naive Transformer + WordRank 41.09 18.16 38.02 40.48 17.45 37.00
PEGASUS 44.20 21.35 41.03 43.81 21.06 40.41
PEGASUS + WordRank 44.28 21.48 41.14 43.94 21.18 40.54
BART 44.29 21.26 41.05 44.34 21.33 40.70
BART + WordRank 44.55 21.55 41.38 44.50 21.49 41.33

Table 4: X8
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