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Abstract: Abstractive text summarization aims to generate concise'and readable summaries by understanding the original
input text. However, the summaries produced by existing models still face issues such as semantic redundancy, factual
errors, and exposure bias. Addressing these problems is crucial for improving model performance and summary quality.
Therefore, an abstractive text sﬂmmaﬁzation model that integrates knowledge enhancement with the SimCLS framework
is proposed. First, a knowledge-enhanced encoder is designed to obtain structured knowledge information from the source
text to preserve the structural information of the global context, and it is combined with a text encoder to fully capture the
semantic information of the entire text. Then, the copy mechanism is utilized in the decoder to more accurately reproduce
the information from the original text. Finally, the summaries generated by the model are scored using the SImCLS two-
stage contrastive learning framework to guide the generation of high-quality summaries. The experimental results show
that, when compared with the higher-performing SeqCo model, the proposed model improves ROUGE-1/2/L and
BERTScore on the CNN/Daily Mail dataset by 1.84, 0.65, 2.04, and 0.21 percentage points, respectively, and on the
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XSum dataset by 1.78, 2.16, 2.36, and 0.13 percentage points, confirming the model’s effectiveness.

Key words: knowledge-enhancement; abstractive text summarization; contrastive learning; semantic knowledge; graph

attention network (GAT)

H 5 SCA % Z (automatic text summarization,
ATS), fEFR E 2304, & B IR S AR A Y — > H 2L
BT T 0], & FER F 5002, K N\ SOARAE B E 3l i B
B B S TR R A . 3 B SO NS 7 2R AT B
28 RSO (extractive summarization) F14E Bl
4 (abstractive summarization)' . 4% S5 ) EH B SCHEE
R FH A SO T, R N SR B E T n
AN FREATHERE, SR)5 AT i ) B AR E U

(latent sematic analysis, LSA) #& f - FH 4 B =X e )

BARZ — G AR M 0 B K SeRS b 4] T A
AL 1 AR AN — N IA] AL, W8 J5 2 PR 7 7.4
%ﬁ%ﬂxi%’@ﬁ@ﬁ?dﬁ%%ﬁ, WIS B A BEAT
HERFANFRE. 55— A 9t 0 i B S vk
T TextRank 5L, Fy'e AT LA T HOE B2 F
IR L, AT A 1R S8 AT 7 ik ) — L SR BR A %07 7%
BRSO R A T IR, e A R o8
w8 Z B K R KR . SR JE LA PageRank A
O PR SRR 5 OB AT HEFP, R JE I R
) TR D9t N SORS 4 22 il BGROCH s e 9
FE T4 B AR AT S5, 2R R EBOIE ST, JF
HoA& R pmr stk (ER AR e A T A, i A
HE TE MG 2 SCAF BRI, AL T, AR RGO E B

BT S, O E AR PR fif 0 M R S AT e 4% |

T S 43E3E N K B 5 90 B Aot e, YEBRAR 4 S S 3
RE, AR EAKA R

I 5 0 28 R PR, A S R
% B 5 AT B 0ETE. 14715 % R Seq2Seq
HUHEAT A BRSO AR 45, AR UL, 12007 1 1 S 1 P 4
T 50\ T B e [ K BE IR ) B, AR A
FE AR 55 DA 1) 8 0 A it . 2 LR 4y
PERE WU S o 25 I AR R AR A B
[ 7 A

A [ N F R T T BRI, (AR TE
VEZ2 I B R TR G5 2 21 B AR I R PR, A
A PR T v i S 2 Y SO R AR s AR —
S, B 5 S0 A A S R S AR, 2 IR T

TR/ RATIN T BRSO B AR BE T, 18 B A BAF
TEIEHR)TUAR 5 iR L 4MAYL (out of vocabulary, OOV) [7]
AL TR R I 25 S MR AN B AR 2 R,
FRZEA &R, W?E?&ﬁﬁ%i%ﬂ‘]ﬂigf%ﬂﬁﬁiiﬁﬁtﬂ, P FE
ﬂ‘fﬁﬁﬁiﬁﬁi%ﬁﬁ%@@m. , "

SRRF B W, A SRR T — A AR
SimCLS! AR 1 2k 5t S A i B A (knowledge-
enhaﬁ‘cement and SimCLS framework fusion model for
abstractive text summarization, KESCSum). & 1 ffi7~ &
AR B SR R, B b A o AR R R SO A
AR B SLA, WA, eSSt mfrE
TEAH ORI oAt S, 8 0 R R 2o FoR S

CNN/Daily Mail H# S8 A\ SC %

The tulsa county reserve deputy who fatally shot a man
instead of using his taserturned himself into authorities
tuesday at the tulsa county jail. Video shows reserve deputy
robert bates announcing he is going to deploy his taser after
an undercover weapons sting on april 2 but then shooting eric
courtney harris in the back with a handgun.

Bates was charged with second-degree manslaughter
monday. He surrendered tuesday morniné,”acéaompanied by his|
attorney, clark brewster, and immediately posted bail of
$25,000. As he exited thé jailhouse;ates paused in front of

television ca{ne¥'f\s for aimoment but did not speak--*

\
“ %—‘ himself into authorities
" o

was charged
Robert bates second-degree manlaughter

&‘
the jailhouse

THERA):
Tulsa county reserve deputy robert batesturns
himself into authorities. Bates is charged with second-degree

manslaughter in the death of eric courtney harris.
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Hort, §RRSHE (S, S, RAKIEMS,, ) BEAT
BEFHESUI RE R 2L, S; € (S1,--- . 5,), HEA AR JF AU
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T B FE bR By, I A S0 T B AT M) RORE R
FPEA F8 AR, A SO A /& ROUGE (recall-oriented
understudy for gisting evaluation)™™); A;; A B 1E §j 14

i, S AT

3 SEER Rt
3.1 HiEE#A

CNN/Daily Mail ¥4 /2 i Hermann 28 AP35
[l 45 28 37 18] I (CNN) F14E H IR (Daily Mail) M Hific
LR ) — 3 28T A0, 688 1 S & 5 T A
TR S AR DG B AL 2R A P 287227 A X
T2, 13368 A%t H T 36 UE AT 11490 A%
ST AR, BT HAERE R SOARK, Dz v
AT B3 AR EAT S H. A Stanford CoreNLEP L
HENEIET, 157 See 2 N HIT7 TR HHRSEEAT T
Kb 3. g

XSum B 4 £ i 2 [ 552 772 2010-2017 4
(1) 22.7 Ji R3S SCEALRL, W55 55 Fh E 8, IR Bk s
A, (A1 T IR RS S KT A 271K — )
1. FF Narayan 25 NP5 77 2, K b 5£ %15 hy
204045 N xS T I1Z5, 11332 ANEd b A T 56 A
11334 AN xS -0t B 42 vegnis B sk 1 R,

K1 BIEEER

HlE L AR UEES R ESE Mt
CNN/Daily Mail 287227 13368 11490
XSum 204045 11332 11334

3.2 FNERR

SR T SRV R An DU I AR R (O ROR, 1 )

iy B A 2 ¥ SO 7 TR Fl ROUGE il BERTScore™”
Fahr. g !

ROUGE isﬁiifr%ﬁﬁﬁ!%ﬁi%%%%%%%%‘zﬁ
f0 BB O BE AR BT (n JCIEYE L A5 AR %
SRAT A A= B I 8 L R R %07V AT O i R
oA 138 AR v 2 —. BERTScore & —ff ] T S0 A4
R R IR AR, ST AE token 253} 5528 A B 5
SHRE VLT FARLER 7, AT AR GG 72,
BERTScore g 5 fF Hiffi 2 5 A5 5.

HARKTE, A K H ROUGE Fr#E ) ROUGE-1.
ROUGE-2 & ROUGE-L kPl s 56 (1745 4. ROUGE-1
H1 ROUGE-2 F -7 & SCRY v — J6 i A1 = 6 1l (1 4 [
2, 1l ROUGE-L JUJ & Al 17 & 478 22 A0 SCRYS 2 [A] ) f
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KALT A AT

Countpatch(n-gram)

S €{Ref} n-grames
ROUGE-N =SSR lmerame (17)

Count(n-gram)

S&{Ref ) n-grame$
Hf | Countmacen(n-gram) 3% 7~ [ B H B0 75 AR A= i 47
B S5 SERME P In-gram N8, Count(n-gram) RS
A E I n-gram N8, n-gram Rxn e, {Ref )
RRZHHE, Ne(1,2,L).

BERTScore #|f BERT *ﬁ@ﬁﬂy’%‘iﬁ”@ TS
THEAT b, SREEEANIR] IR BRSO, 285 TR
) A1 2 % G) 5P R 1] IR A SR ARBLRE, R S0 UL
FL S0 S (3 #1) - B 15 2 2% ) - o S AR IR,
JERAEILRCSE Rt A RR . dERS F1 08 it R
ARF:

1
_ T
Rggrt = IR| r;li)l(xrefxcan
X;€R 7
1 T
PBERT = i Z MAX X, Xcan (18)
kel
PgERT - RBERT
PREgRT + RBERT

Hoh, RERSHEHEMIAEE < x1,--, 0>, [RR%
R ERAES < R, R >, Xeet T Xean D INERBH
BT SRR )T RN B, PRI ok
SEMEES R SHRIERMERSES | 1917, Reprr
F1 A 3, \Pogrr Rk B %6, Faprr 75 F1 950
%306 BERTScore HUIE M Fprr .

A B S ST — B U7 TR P FactCCl4g
Fr. FactCC & — Bl T+ VT 47 2 5 50— SOk AT
e b7, FR) 800 J5 i BERT R Sk Ky 0 A% 700 % L 3k
B YRSCA S B R R — 2t B4R, FactCC K
BEANA)TFEE— A B ) 73047 LB, ) AR
WNZA) 7R 15 5 ISR I N 2 AR
33 IRFESEESHLE

ARG IR B N Ubuntu 20.04 #:4E R 4¢, 16
PyTorch % > HESE ) # SL 581 &, 7E NVIDIA 3090
GPU Li#h47 515,

TEESHRE b, BB R B, SRR 2
v A FH AR 2R 3] [r) AR 2 9 768, TR I 5 o Y A%
T GAT KIZEN 2, AR, A d i Bt & Bl 7E
GAT H ¥ Dropout #Lll, GAT H ] Dropout H X &
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i H AR SN A

0.6, HAthth 778 0.1. Ziht 35 5 fRhD 4% 1 2 20M
A, #5159 6 2. X i BEIEAG I B, PP el 12 2
Transformer 1Y) Encoder 240 /&, [E AT {#F Adam 1F N
letbas, Hrbpr = 0.9, B = 0.999. 2% 3] FAfi | warming-
up &, HHN 10000.

3.4 SBERSHR

3.4.1 X HLEREG 4T

N T VPG A ST R AR A e AT 55 R i
RN, W A SO DL BT X L.

Lead-3"": —Fh il B 2500, ks A1) 778 S0
AP (AT BB ol B . S  BCSCAR PR i 3 A A
BRI A g T B, (ELE % AT LAV 25 SCAS ) 32 B P9 4%,
R FL 2 R T R 0 TR 2 S B,

POINTGEN L2 POINTGEN+COV™: 24 4 74
P T FR R A R g N 4 55 7 s AL, 8 R e A A
SRS S R, R PE R 8 A 1O 1A ) BE
3. R a6 AR B R O A7 15 B, A B R
7 00V il 5 HEK [,

FASum": iZ A5 $ H o 01 1 P v iir 3 7 1) =
WK RRBOF S BB A R T, B AR IE XA
TE P B R,

BERTSUM"?: iZA A4 i —FhJE F BERT (¥
R SCRY g i 25, 38 Tk 8P 7 R 4y 28 8% DL B R 1)
Transformer JZ A Z3E Tt 7 SCORE SCRHE ) 52 BUIUR,
[Fi] B 48— BT B O 7 2, S T A A L R

GSum™*: ZAFE A HE HH — Bl I T 4 i 3% - AR 1 35 42
PP S T 51 T A AR, REAE AT AR AN [F) 2

R AR B AR T, ANT LR AR TR A S PR SO 1 [ I e |

W E AR5 S5

TSP MR A KA L P 5 & BT 45 H
FRAPRTRY HEAT TS, 2t b S ORI RE 22, R
50 T8 AT 25 #5100 98 S A B S A 1 A2 FRAT 45, AT 76
T BRI 25 5 90k e 7.

T-BERTSum™": i%# 7 7F BERTSUM A JL ik |-
HEAT T St SR PR o 20 2 R 5 o 9 1 1) B R
IS HRNF R HEAT ULHL, 31 MR A s BhAh, %
FERLISE IS B 0 LSTM M4 )2 51145 M &gtk — it ik
BB,

CLIFF™: i% BRI L 2 51 5] A SCAN I, B 1E
EE S BILE N S S INE AT S S e i1
PP, JRTIRI s — SOH B

BART™: —Fh 5 41) 2 5 41 1) 25 M TN 54 5 458
A, nE{E BERT 5 GPT Wiz .t )5, ol DLFE SCA
5 EAT 55 S IBONAR 1 e.

PEGASUS™: —Ffh3EF Transformer )4t 45%-fif
fidh 2 AE B, SR FH 22 M 2 LB 4] 1 IR B OB
HIFI 21T 45 GSG (gap sentences generation), 7% /™
A EE M SN =Y SR e

CaPEM: iZ AR A4 Y — Fhoxt Lb 2 B4 B i) )5 1%,
ZITIEEE T A W R 75 AR A LI
BE IS, Mﬁﬁﬁi//'\@ﬁf)”u%ﬂ"]ﬁi.

SeqCol*): HIRL IR thi— i 2R Hl 2 ST R,
i@ii‘ﬁaid\%ﬁiﬁ\ IR UE A 55 AR A T R AR AL
FE, T3 T 20 e

KESCSum % 7E CNN/Daily Mail ¥4 £ _E %t
e sie 4 R 2 Frow, I EUE AR R, K 4
g Bt AR .

# 2 CNN/Daily Mail $#EE K550 45 R (%)

Quality Factuality
FA ROUGE- ROUGE- ROUGE-
) s BERTScore FactCC
Lead-3 40.42 17.62 36.67 80.29 63.21

POINTGEN 36.44 15.66 33.42 79.98 45.73
POINTGEN+COV  39.53 17.28 36.38 80.11 46.21

FASum 40.53 17.84 37.40 87.86 48.75
BERTSUM 41.72 19.39 38.76 80.04 40.24
GSum 43.78 20.66 40.66 | 85.73 42.65
T-BERTSum 43.58 20.43 39.80 = 83.42 41.13
CLIFF 43.92  120.95 ..40.60 88.68 52.09
BART 4416 = il 28 40.90 87.21 50.61
PEGASUS 4417 21.47 41.11 88.70 51.58
CaPE 44.28 21.23 40.88 88.31 51.36
= §eqC0 44.66 21.57 41.38 88.56 51.74

KESCSum 46.50 22.22 43.42 88.77 51.92

IR 2 s DA 4 A R T A i ]
&0, A S0 R E ROUGE F1 BERTScore ¥t 16 5
o BT X LR, 53R R 1) SeqCo i
RUF B, A SCHE H ) KESCSum #:# fF ROUGE 5
BERTScore 134343 A3 T+ T 1.84. 0.65. 2.04 F10.21
ANESF R UEB T ASCRE R A RO, HE— 20 0 T, 7E1
BOCA T & 5, Lead-3 Jik BAR T B, (H1 70 A 4,
F£ H 1T CNN/Daily Mail 4 42 16 4% 2 28 R 58 i ) T
FHSCHH, A SCAR & RN R 4. CLIFF
BRG] N LG S IR AE S, AR — e FE BTt T
AR A 4 1) = sl — B, ER R 8 4 R SO R
ST IR RRAE S, DRI AR 2 1) SCAR Joit B A A .
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190 (= ROUGE-T ZZROUGE? SSYROUGEL 70
[ BERTScore oo oo 5
- - 60 -
80 | o
501 ‘EREEE
|
S 6ot ‘o : ‘TR
~ 40 X < & X G M K
g SIS X ] K <l
— ¥ el M X
< e BN | 1 30} % X KON x g &
> 40 | I R S S| S S g K 2 KM $ 5 S 3
Nl J N N K K ] 9 ; 4
201 & X ’5 % <M %
20 F 0 SRS oI I 3 d & 9
101 S X K d " q K
N [ o < IS I 3
& 3 q ® X
X { & ™
0 0 K
87 Y, BT (6% 8 00 9% O™ 32 LoD bR, (15, 88 (2 % og\ \
VNGOG (SO B8P (W I noY O S0 AWRHEOCRNTS CRIT MMV T S (S
v?@é@”&* & Y & w QS\V«\C&‘A o © N 3
© (a) Quality © .

(b) Factuality -
\

Kl 4 CNN/Daily Mail 525645 5% Hap R i

W Ah, AT AT AR AR R AR AR B T 25 R BART.
A PEGASUS 5K I 5 a7 Mg, XM 22 5% E 20
A+ LA T UK Z: &%, BART *ﬂaPEGASU,é il
A% Gt v 3 U 3 SR IR SEARS R, e DA B SOk
R 7E S P B T KESCSum B 5 #2250 A
P P R U L o ST ) SRS R R MR B — o
P AR R, ST TR 15 Rk s /). Hk,
X PR R A MLE 75 3G, e DL 2 2% 4 B b
TFLE B 2 22 5. KESCSum #5703 i 9 [ B bb 2 5
IZRHEZL 1A 77 20, B 7 BRI SUAE B I B A e
A AN S B N 1l el ) 1ML 7 =
A A B AR SO S £ 75 1) CaPE. SeqCo #5
TR L VP45 90 T v, SRR AE T, CaPE 5L FI FH 5
HHE AR HEAT U 25, B 76 FH 2 5502 1H I 6F L4 Rk

J7 A O BRI EAT A I, B ) 396k i i 4 EE 4D

WIS T KESCSum #4588 i 115 4 s A ORI e
AR ISR AT, KR S N S AE SR
T L 3R A SCH AR 2 R, AT o B 3
{9658 AR B L B A1 ST P B O E 2 ST
SHHE B T U 25 5 0 R 2 [ 25, 78 Bl
i T AT SURHE, 98 % T 3T T
. SeqCo M B 7R S0 A S B WL N F — i LI
RIFRLEL i T BV SRS 7R, (B T3 Z
S A S L R, 5B A B R
KESCSum £524 MPHE 25 46 A0 HR N SCAR g, Bef8 R
B T AT B SUA . (R, L2 53 1
SRR BN T B R R R,
R e LD 0 R
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TAEAT R B R 90— 30hE |, Lead-3 77 VM6
T B8 B SO A PRI P 2, TR S — B A4
5. Bt 4h, KESCSum 78 38 S0 34545 43 0k T
) EE T FE S — ek ) FASum 578 JH R ZE T FASum
WA 51N T SR IE R, X LA S R A 5
HEATRCIE, 427 7 M se . B CaPE #IH 5
SeqCo 17 5 3 A B B 7 T e At 5, {H 1525 S04 it
{1 KESCSum #E%H LE, 75 55 52— Fihk 77 1 (0 £ L%
S5, T30 T BT Al 5 3 T80 B B X S AR AT 45
TR G, 1A TR0 o S5 ST PR S 0, PRI A
T I R, |\

KESCSum &% 76 Xsuméiz%}?ﬁi%i () %F EE 52 56 4%
BRIz 3 %, 0l S 4 RRL R B S R,

' %3 XSum BHEERILINE R (%)

Quality Factuality
pis ROUGE- ROUGE- ROUGE-

| : BERTScore FactCC
Lead-3 16.30 1.60 11.95 80.39 30.83
POINTGEN 29.70 9.21 23.24 81.32 18.26
POINTGEN+COV 28.10 8.02 21.72 82.50 19.05
FASum 29.72 10.03 23.29 88.03 22.85
BERTSUM 38.76 16.33 31.15 82.51 22.35
CLIFF 45.17 23.32 37.61 88.96 23.77
BART 45.14 22.27 37.25 88.26 24.06
PEGASUS 47.21 24.56 39.25 89.19 24.14
SeqCo 45.65 22.41 37.04 91.41 22.48
CaPE 45.35 22.25 37.17 89.73 21.13

KESCSum 47.43 24.57 39.40 91.54 25.42

%3 &K S A RERT KESCSum A5 % b
RILE XSum BIEEE FAXT EL s ih 45 51 78 U R By
Ifil, Lead-3 AR IZER 4 FRIFRDE 2, A Lead-3
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J5 A 1) F AR OO AT 55, T X Sum B S 1 4
BN 5 SR R [ A ST, R 5 TR AE X -
Sum $dE4E AR %, 5 POINTGEN. POINTGEN+
COV. FASum. BERTSUM i ${% 5 fity Jk £k 4% 7Y
FHEE, KESCSum # 8Y 7£ S0 A i & 45 fx ROUGE Al
BERTScore F¥H BT, 3k 1B 1) k. it
b, ARSI 5 R IV 57 ¥ BART #2841 SeqCo
BAUAH B, £ ROUGE 1840 B4yl 1 2.29. 2.3,
2.15 A1 1.78+ 2.16+ 2.36 /N 4) 55, 7£ BERTScore 1%
Ay EAAARTET 3.28 A1 0.13 AN E 43 A, Ui AT R
TR e 0% A 28OR) FH 2R R G s A B B R S R 2R IR O
SR R, A, R B ST ZRHE SR i A e i 5] S
U0 L0 A o B AR 2, SR TR AR RE SO

BUHAR B e R R Ay, ST TR Al AT

55t 4 AT 55 LA Y PEGASUS #5784, KESCSum FE 7!

“
¥

100
-JROUGE-1 EZZROUGE-2 SNROUGE-L _
| BERT Score g m om0 I
80F 1 0 |
S 6o0f
o
E N _
2 . _
40t SR A
- _ = N
20- N N N
0 —I_E

S AP
6:309& o o O S Pﬁs N o° S
R CVGRYT (Y W o po <O
%%«o‘”y s e&qﬁ N ?@6 A

S .
(a) Quality

2 480 SO R BT A 4R U /I I 1 1 R
R e 7 5 SO AR 1 A O B 2 4 L 5 R
B S AR I R R M b, S SR g
BT P R A, SCAS Y B SOOI R, TR
o0 T AR AR SR B Ab, SO i S
FE 2 78, 6150 0 SR R A DR 4 R SLA
B 45 T B 7, BRI R 0080 9 B 7 4T S A b 9 e B
B,

T 2 45— BOHEEAY L, B Leadi3 714k, KESC-
Sum A {17 52— SCbE 15 404 e A EL R, 36
E T AR SCHR H PO 3 IR 0% 70 43 L SO A
L {0, A TR S B 1 L L, TR T T
S S B, AN, BRSSP B AT L2 )
DI ZRHE SR e Rl 5 2 1 26 R 0 900 280 4 O 4T, 3R
TR 5 s — S B[R, th (5B T 4 8 S AR

R I T R
JORISULIFA ST SRR
$)<C Q:’ Qg;i% ‘C\‘ %Q?‘»OP\ )

%(b) Factuality

X
5 XSum 5645 G0 AR

3.4.2  JH@hSLI BT
N7 BN B 7 B et - AR O Y b
TURR, AR E B 4 o AR E CNN/Daily Mail
HORSE LT T 2B RS, S s B E 4 FR.
K4 HASEIRE R (%)

Quality Factuality

FE ROUGE- ROUGE- ROUGE-
) 5 BERTScore FactCC

KESCSum-KE  45.68 21.74 42.61 87.79 50.48
KESCSum-SimC
LS
KESCSum 46.50 2222 43.42 88.77 51.92

46.00 22.02 43.00 88.70 51.25

# 4 v, KESCSum-KE 1R3 F8 B A5 4 5 i e,
KESCSum-SimCLS fXE &k T SimCLS B BT E

2 S YNGR, 1] KESCSum WA 28 A S FTHE H 5
BONSRIR 25 RORE, W AMEEHRI R R M gy ok 1A
WSz, MER bR T ARG s R f5 B R PP A 48 A
1300 35 N B, UESE T A g AR AR AR SOAR T
SEH Sy E AR [N, 5 SimCLS P Bt
bl 2 > I 0 SR AR RO B, R 1 384 5 AR e tof A5 7
REFIRE I B8 0 (23, RUDIZAE B AR S LA R 22 S
WA At En iR, FHIER AN AT E HARAE
SR B AL R SimCLS i B X L2
STYNSRARHR S (1 S Be 25 S ] 11, i B SCA i &2 ) ROUGE
5 BERTScore 343 7% 4 B & R P&, K24 SimCLS #
BURT H 2 SN ZRAE S T RAAE /NI 5 IS B 2 18]
() 22 B, i e A R0 SCA T = A I R D, A R T
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VAR AT ) AR
3.43 ARG MR T

T IRGCAR SO A AE A B R RIS SC AR B2 N 1)
MG MERER I, A CIE I b EAS R AR A 42 U 15
43 CABCHT n-gram 7542 54 2 b o5 95 1 L =5 A A
HEAT S8 4 M. $& EUREAS 23 mT DA B A 4 L B JR A
(IFEFE, 1970 B AR AE pl i 2 1 0T B bk v, AT
6 1F A5 Y R 6% B v 2 A Rl T 9 R BT I A L A
FEHUEEAS 3 1) T AR SR 6 P,

KESCSum
PEGASUS
-
= )
= BART o 5
FASum
CLIFF
0 0.1 0.2 0.3 0.4 0.5
PR AT
(a) CNN/Daily Mail
KESCSum
CLIFF
=l
=® PEGASUS
FASum
BART -
N N N N - - —_
0 0.1 0.2 0.3 0.4 0.5
HLIR A -
_ (b)XSum ¥

CLIFF [l FASum [l BART  PEGASUS [Hll KESCSum

6 RFHE ENN/Daily Mail il XSum K445 -1
SR S
S 4% B F ], KESCSum A7 ZE SR I RE /4 1 1]
SLAE T O AR 1T 5 MY A 5 s ) R S A
SCICE 1 130, T B P AL B K B S A K4 1) 2.
B n-gram Fos LA B A H R H ILAE TR AR
P TEA, ST n-gram 64 i L S R D g B
HTEY PO e, TR e R A UL 2 BT m-gram 140 B
[ bl E bk Ry, TR S SR 7 B,
N 7 H T DA, B9 U (193 7, ROUGE
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Tabr 2RI T By, 3 BRI I P A (L 7E B T T B AH
BT VERE BT BART BLZYAN PEGASUS £ 2Y, &3¢
& AR R PR R e, 3 — P AIE B T KESCSum
R B 7 T ) A A
344 ZACMES T

N VP AR R R R 1 LA AR Kz AL R
ASCAE SO B S NLPCC2017 L ilf 4772 fh ik s
50 ZHAE AL 50000 SR, B 5% B 157 b 4 2 -
IESCRH R, Herh IESCF R K BE090 7, 2P K
FENg 44 5. RS ERIR B3k B TR RSCR, vy
uqﬂi%ﬁl‘ﬂiﬂ, W RSURE SR BUR. &5,
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Novel n-gram ratio (%)

(=}

n-gram
(a) CNN/Daily Mail
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4
o n-gram
«(b) XSum

BART -0 CLIFF —— FASum -~ KESCSum —— PEGASUS

\é - 3
é' \ ‘ -
K7 AFEBELE CNN/Daily Mail 5 XSum %454 F
Bt n-gram LE

RS ZHIELIE R (%)

A ROUGE-1 ROUGE-2 ROUGE-L
PEGASUS 59.91 43.54 55.88
BART 54.48 39.16 47.93
T5 59.71 44.16 56.75
KESCSum 59.36 43.55 56.10

M 5 ATLLE H, KESCSum B fE NLPCC2017
HHn A bR I T AR, (R SREUR T AN Y
45 7£ ROUGE-2 #l ROUGE-L f&#5 b, HE 00k
T TS AL, oy M FL R R 32 B R AL 1, R OCE R
BESHWERCEEREER, FERZ BAR A,
AR AP AR AE B 4 55 ), DT 5 3506 R 398 i A e A

© ERSEBIK T

http://www.c-s-a.org.cn


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

2026 4F 55354 5531

http://www.c-s-a.org.cn

i H AR SN A

g iR S B 5 R B S A 1 PR 5 06 R IR MR 22,
T 11 55 1% A5 Bk i A 25 ek, KESCSum A5 7 g 4
VI SR 1) 2 X B SCE R A AL, 1E TR S0
S I PR A5 R (R T R SR, o 1 AR AR ) B A 5,
IS BRI Z B

WAL, Hon SV R A ) 22 FE 1 8 IE T KESC-
Sum BERIFA Bl iz A, HAT BRI R R A 1A
3.4.5  FEIXEHLAHT

T B TSR T BCR, £ 6 it —ANE CNN/

Daily Mail 4 £ H (1 5249 J /R T A ST AT HR A2 (1 47k
BLLE RCRE 7). FH BT 6 B2 2] 1) CLIFF B, KE-
SCSum LR 7] LR FH AL 22 1R AR5 B SR Hr i SRR
JE YIS S B, (A3 AR BRI BAE SR E . tbAh,
FHEL T PEGASUS BB, A 3L 4 Hh A AL I 5 5 25
SCARFHEARAFTER) OOV 1] # J 18 A1) TT A 1) 8, [7 B 45
4 SimCLS P F B b 2= ST YIZRHESE, Rets Bk
by ) AR YR SCA ) X, AR RN A T AR B EFEE W
o A

# 6 CNN/Daily Mail 2B ER 51
P [
At the grand old age of 75, Jack Nicklaus is still capable of hitting aces. The Golden Bear added another magic moment to his storied career

B
ﬁ

at Augusta National in the Par-3 Contest. Stepping up to the tee on the! 130-yard fourth, the greatest golfer of all time saw his shot sail
beyond the flag before spinning back into the hole. Jack Nicklaus gave the crowd something to cheer with a hole in one on the fourth during
the Par-3 Contest. Nicklaus holds up his ball to an adoring crowd as Gary Player (left) and Ben Crenshaw salute the great. Crenshaw and
Nicklaus fist pump following his ace on the 130-yard hole at Augusta National. Nicklaus was playing alongside Gary Player and Ben
XA Crenshaw as the first roar, of Masters week filled the skies in a sunswept Georgia. I had an interview this morning, and I said “well, all I’ve
got to do is go out and win the Par-3 and make a hole and one”, and I make a hole in one, Nicklaus said afterwards. The ace was Nicklaus’
first on the hallowed turf of Augusta, but the veteran saw his achievement eclipsed by that of Camilo Villegas on a day which saw five hole-
in-ones, levelling the record from 2002. The Colombian followed Nicklaus with an ace on the fourth and also managed one on the eighth,
but he couldn’t quite land the title, losing out to world No 74 Kevin Streelman in a play-off. Nicklaus became the youngest person to wear a
green jacket in 1963, and collected his sixth in 1986. He is one of five men to complete the career grand slam, an accolade which favourite

Rory Mcllroy can achieve if he wins his third major in succession.

Nicklaus, a six-time winner at augusta, added another glorious moment to his glittering masters career with an ace on the fourth. The 75-
year-old saw his shot sail beyond the flag before spinning back into the cup. The crowd roared in celebration with several players stopping
their round to cheer the golden bear. Colombian camilo villegas later eclipsed nicklaus’ achievement, hitting two aces during his round.

Villegas was beaten in a play-off by world no 74 kevin streelman.
Jack Nicklaus hit a hole in one on the fourth during the Par-3 Contest. The 75-year-old was playing alongside gary. ple\\yer and ben crenshaw.

CLIFF
Camilo Villegas followed Nicklaus with a hole-in-one on the eighth.

PEGASUS Nicklaus hit a hole-in-one during the Par-3 contest at augusta national. He was playing algmgside gary player and ben crenshaw. The golden
bear is one of five men to complete the career grand slam. Rory mcilroy can achieve the aé(_:olade if he wins his third major in succession.

Jack Nicklaus hit a hole in one on the fourth during the Par-3 Contest. The golden bear added another magic moment to his storied career at
\
KESCSum augusta national. The 75-year-old was playing alongside gary player and ben crenshaw. Camilo Villegas followed Nicklaus with an ace on
the same hole.
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