OISR LY E 2T e NE B LS

FEFLEY, XERLT, BMBRE?2, F%RS
LARAEMOL K225 B ST R TR, Ma/REE, 150006
2 M RE TR RABIE R, FR/RE, 150001
3 AN B SR AESET, E/RAEE, MD 21218, USA
{tjr,mlliu}@nefu.edu.cn,tjzhaoChit.edu.cn,zhoujiyun20100gmail . com

W

A [ L AR T PR R 7 JR (545 2 SURS TR ZE 7T LIRS AR AT M O 22, % RS
HORE AT OISR AT U AF BN B IR E S ORI EFE BB LG R, HEFHE
HF NFESS - HEMRZ 12 O E A TR R T ISR EEL (AIBERT) 7 B T
—RERIRCR, (BRI NG I () N SOR iR B AR, I50F % R
Z R SURI SIS R ARG R, AR T 2T SRS B 5 A 20 B Rl & 1Y)
Z O EHTIMGNIE, Lk A 5 SR TIHEIIERNIES , HE5RA1IA L
LORGZ R1E UG R, MR ORI ZE A Rl T S8 — PR (R« a2E 17 AN 2 ol B2t A7 22 301
RIS S, LUAEE - SRARE R LU A) 75 BRSO E BRI E L AT
MR E B o ASCBOT AR, AE E PRbr ISR S MultiNews X H S 5L 2%
TRAHCRAN T F SRS BRAIR T -

K. SLREENSR . TIGEERE , ZRERE ;. ZIOERE

Multi-Document Summarization Based on Entity Information
Enhancement and Multi-Granularity Fusion

Jiarui Tang',Meiling Liu"",Tiejun Zhao?,and Jiyun Zhou®
1.School of Information and Computer Engineering, Northeast Forestry University,
Harbin 150006, China
2.Department of Computer Science, Harbin Institute of Technology, Harbin 150001,China
3.Lieber Institute, Johns Hopkins University, Baltimore, MD 21218, USA
{tjr,mlliu}@nefu.edu.cn,tjzhaoChit.edu.cn,zhoujiyun20100gmail . com

Abstract

The rapid development of neural network models enables multi-document summariza-
tion to obtain human-readable and fluent summaries, and pre-trained on large-scale
data can better capture richer semantic information from natural language texts and
better serve downstream tasks.Many current works on multi-document summariza-
tion also apply pre-trained models (such as BERT) with certain results, but these
pre-trained models cannot better capture factual knowledge from texts and do not
consider the structure of multi-document texts.This paper proposes a multi-document
summarisation model MGNIE based on entity information enhancement and multi-
granularity fusion, incorporating entity relationship information into the pre-trained
model ERNIE, enhancing knowledge facts to obtain multi-layer semantic information
and solving the factual consistency problem of summary generation. In turn, the multi-
document hierarchy is fused and modelled at multiple granularities to capture the key
information points required for summary generation of long text information in terms of
word information, entity information and sentence information. The model designed in
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this paper achieves a significant improvement in effectiveness and competitiveness over
the strong baseline model on the international standard evaluation dataset MultiNews.

Keywords: Entity Information Augmentation , Pre-trained Language Models ,
Multi-Granularity Fusion , Multi-document Summarization

1 58

Z U E TR R AR R B RS B RIE L AR — A R ) 2 SUREE A AR RS 1Y)
WE, AN UHEENERER TR —EEAFFAME . Tk, EBMAHREL E,
FEREATES P EAAR RS RENEIRE S, MREEF B AR TR, WFE—E&8HE
FRECCRER B/ EREE . MERE ¥ BORTEZ U E T /T 12 N A PLCR AL
WEM LA, IWikiSum(Liu et al.,2018) ,MultiNews(Fabbri et al.,2019),4 2 1) 22 SRS 5
B T St -

i, WIBERT (Lee et al.,2018)55FIIZRiE S B AIRH, R RMBIERE IR 1018
FEAR AT Flifnlpttss, NBERTERGATHUE, HHEEWFE TR RN ETXUEER.,
IR HIREREER « RIIECRHEE, REZ TEMA THIIZGESER, (Liu et
al.,2019) & JE3¢ H R BERTR N E R TRYIZREET N H T OR MBS, (E& il X BERTHR A 3
I, R SO P R A F A [CLS|FF 5 40 Bk 2= 2] A]F3RAE, HF BB EUT X [R5 Elik Ak
XA AREIEF, VEE DR H X i 28 A0 A G 25 18 DO R AU AL 2R R R IR T SR T R A 2
FfEtas AL R - B RTTE S O E T, BN IATIZARE T RIS s B I fE R T
VB, (ERHEE % EHE ELE BRI A SRR AT A g = SE— B TR -

TR AER S UHE, RECURFPEEMIE LG BN TEMER HESEFEE
F), DMERITAES, K EREURRCR A fRSE S AW, WERAIARSATFRIH#TRER
R AR ERETY . DR A B R RAEERNERER, ERASREFEENIRER - BE
B A8 TAEF = SSRR s UE B S HAIE LR ITHE B A MERER, NMFEEZR
HHIBBEEME BN BRIES TR

AR, AT BRI A SEAAE B AT IS R A4 sl = S S SE— 30k, B e
T SRR R E BRI ZRIE SIS A BE (0 UG 58 = B R I8 SURAE - ARSCHRH T E TSRk
TEIGIR DL R R A 0 2 SO B AL, ERA TRELE T SEE- R REE ML S B FERNIETH
IR (Zhang et al.,2019)KYIGRCA, FLHUE BIGIE, Riesmaib A S5 R EIR
Elf T tranER 1% (Bordes et al.,2013) iR ABITHZREEAI A, FESCE T S24RXT5F, RIS BT 75
PISERE R - RINERATERE T ZREREBRE, FAER - SHE M5 BT L Lt
A, NS Z 30 B B R IR SORTE UE B, - S0 B30 MBI IR fm@, 4R3C
AITTEREN T

1) ASRH T — 1 ET LG BRI RAZ UM ERR, B kA BE S sk
A ENR BB i transER R 4518 10 B S B A BIERNIEFI ZR i A v, (i B SC iR B2 T
B TAGMERN AR 42 K R SE R #7528, TR N TEFE LT U B A i —
WA SARE B R HUE B -

2) SUARHE 2R RS B A RSO 34T 8 B0 UE BREL, BATR LR E B 51
B BT SRR 5F, il A 5 B FSHARME B RIR & Xl token s B 34T B HT i 5 SE S 4=
R .

3) ZRICHR H R KRR EEMultiNews - 175296 HEBUS T Se it It 45 SR 2 B T iR A
PIERCERI AT, FEEET T ZRER R, AR EMAR G SSAME BRI A3 1T T
THRISEISRT LY, SRR S E B R A R -

©2022 FEVTHEIETEAE
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2 HXRIAE

2.1 ETEEMRNE OEHE

DIERY 2 SOR T 22 B TR TR A =R AL ) (Erkan et al., 2004;Christensen et al., 2013;
Yasunaga et al., 2017), 18RS TRANTE SOERRIE THRETIERE - (Zheng et al.,2019)%& H M
SO AN F R E P E A R TR R, EEEER ETNUER, EEEERT LTS
B FESEEEMAENAFEENE, RS 2R EEE, NmEHE%
B A FIEREZE . (Alambo et al.,2020)$2 HET HOMERERTTE, EHAMERSE SN
JR SO IR B A) 5 A F ELORFR A TR EL AR, JF EoR ARG 58 1 &2 A R 48 BE AR B E S B
FE . A E RIEEIREE 2 OB, (Pasunuru et al.,2021)3& H 7 4 5 5 -8 19 EH %
DU IR 9 H O 22 SO B R OR SR R SEI RIS 98, XM EIRER TN, JHRHERASE
%?%ﬁﬁ%ﬁﬁ%@,ﬁﬁﬁ%%%%%&éﬁ%%ﬁﬁT%@,EWATW?%#%%@
A

BERT# I ZR1E S5 A IR, R T 2 UM EESHARE, (Li et al.,2020)4 H
A BEX OB AT RS, REEFNHEE UEMXR, ETERESMESSK, SRET
RBERTH I 5 EE 2 H & T BRSO SRS SR, DU A R0 b B K 3 A\ SO -
OB SE— B AE, 1R AR B EOTTIE R TR VA TR R 77 TH N AR AR A 2 S — B AT R
fli, (Zhang et al.,2019)>RFH T —Fh55 4a B HI T IEMIE YIZREE , R4 3& 5 0] SCREG R A 2
LEEEL—HE - TFRSE T SN EREIR R A RO ESEME, (Dong et al.,2022)3
AR AR B AR 5 JR SCARBERE A MR AR EE Y B SE AR e AR RS ROCR B R R
Bk, MARAREEERME, 52808 FEIZRSE ) R S 3R OSSO & S —
PR TAEM R, VEE BT IR S RIFM K ABISNE ST, DA R iR A R P i A Al S 1) S s
.

2.2 ZREFBME

T RAERE S MR, RICCRPEE G UEEN TERERMEREFEE
B, DMERTAES, BRABIABIESEMR, RAWRS 6 FHHETE BRE R SR
DA N R B AR R AE RO , NTTAR TG R & RISURF R - e H B TAE A R = 524k
THiE UE RS HAMTE LR ITTHE BR e WM+ 8 BRI B A S E BRI BIRES UK -

SR TAEF, MERER S REL R, X T2 3OS E TR Z R 7 H
AT, REECTAER R RIARA ORI A RIERRSE LN ER, R H Ak ) (E S
Brvk « SURHATRL A KRB NRAE - (Li et al.,2020) & H T —F 24 a2 £ SO 22 (MDS) 2
A, ZEBUN B RANTA R B B FoREE ), AR IR R R, SRE RO B 2 AR SO
Hre A E R IHE - transformer(Vaswani et al.,2017) A5 (754 sl 2SO I ZL S T =ik 1
# % o (Zhao et al.,2020)%& i SummPipBER R 55— Mg & 15 UENRFIIR B KR & a) 7
TR B E T, (Jin et al.,2020)3& HORAHSURS ~ A1F -~ AZKEE R B ML, EAFE
SRS B RIEFF 1T H - (Yasunaga et al.,2017)$2 Hi7E 5 R B L EH ML (GCN), I
e M IFFHE B IRAF R A) FHRASE R T S - B ZE 0 Z R, GONAEFm H IR
AVRFIE LU AT BE AT

PAEXEEE R TR RIRAE— BRI ERER T 2 ORI E A B FE L — U LU EE /Y
SCATE SUE BRI BRI, (B P SR T i A 2548 AL B SRS BRI T 15 B IS 51
M2 O EARRLAR D, @8 SRS AT & IR S5 BRI SUR BT A A TR & 0 T4
R SR BN RER SR T A B R -

3 ETEAE R AS R G L R EEEMGNIE

FEX—T, BATHAIRR T B T5e R « BRI MSEM a1 TR « RSO, B SRR
FtransER XK G5 AL B SRS B R AERNIEFUN SRR A, BeAT 16 FHTAGMESE (R BE 2 T 5
HRIZBOLA AR R SEAR A [FSCAGAEAT S S B Rl & TSR, A2 FI0I 9k ]
MNERFIEFHAER, FEEIN AT mEREA) T IRAGE, i AZ Transformeris
JRitTRl G, BEilid b TE BN AME SRR S X i token 5 B AT BB M T8 SRR A2 AL -

E, 2022%E10H14H=16H.

157



HEEE

Output

?

Transformer Decoder

T

Transformer Encoder

‘ Information Fusion |
*

‘ Feed Forward |
+

‘ Multi-Head Attention ‘

r r “

Token output Entity output

| |

Pre-training

Information Fusion ‘ Feed Forward
‘ Feed Forward ‘
T Multi-Head
‘ Multi-Head Attention \ Atte;tlon

M M M ‘W4‘ ‘Wn‘ ‘91‘ 162‘ eieﬁiﬁﬂfﬁg

Token embedding Entity embedding

Figure 1: =T SCL0ME B3 TH J 20 Rl & 12 R E AR TIMGNIE

3.1  BAFREKTIZEEERNIE

ARSI 3 A0 AR B 5 4 R SR ) ISR R ) B — B, SR M transER VAR Wikidata ]
IRER LK R (5 BRI AZIERNIERRAITYIZR, INER 8 L5 B A SO A2 TI0)11 2k
TRTY A AT PR N TS SRR AT SE AR -

A TRAAFPI R G E AW = {wi,ws, ..., w,}, HAnFRIFAFIIFKE, KFLEFIIE
MAE = {e1,ea,...,emp, HFmNERFIIFKE, KA TFIERRAS = {s1,50,...,5},5
EP;)%”FU?F??'JE‘J&TEo FREKG,HARIPTE SRR NE, BATRESCR PR RS KG AR
SEAERSTF o

NG R, ARG B S KGRI AGE BBt gmis, 85 f A2 3
ZWLRZ, T RS BEE o HEAAF TR, R R A e THBLHR A s, DASAL B )
Apu IR BT R

hly = ew + suw + pu (1)
[FIRERT, SEARARIITER:
hg = €c+ Se + e (2)
MR 15 & & 89 W ik AR = (R LR RIS SRR R AR =
(R R R R EITHEREIA, EAZ KR,
F o fEPETEE S ERSWSE, H155T1-5516571, A, FE, 20224:10H14H%16H.
(c) 2022 FEPXFEEELSTHIETELT VRIS
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hl, = MHAtt(hl, T (3)
I _ -1 pl-1
hi = MHAtt(h; ', LT (4)

[FICA R H)iA token IR AL & SRS R, 5KGARISERNTF, HRFLEERRAZFEFS
T R R E, SEIL T ANERSE AR A5 B 5R o IRSCASE I S ltoken B & SEAR B OR
Hhe, KGHRSERERRFESHEY R R A he, WA LIRR Nhe = f(he), BEEEH
RAER:

hi = o(hl,, L) = (Wyw; + Wee; +b) (5)
]’Lw = U(tht -+ bt) (6)
he = o(hi W, + be) (7)

HAW,~ We~ bRRATNGRRINESE, b ForBEE T tokenfISE 45 B A A FRESRECIR L,
AR SCAE A AR 2 M B0E M EG ELUR SER R N FIR R A AT Rl A o X5 T V%6 A R SE 4 147 ik
N, AHETERRET ERERE - AT RL, FATHETTIZRET AR R [ &, 18R
Hhl, = {hw, LB, BL, Y SRR &R RN AR, = {hL (B, ... AL }

AICRESMNER K G SRS BRI B SUA S, JE it mask® R LR R Al token, JEIE EF
SUN AT SEARTR SR TRISR R, (ERERAE 8 DI R R B LME R, IR AL B R i
MIRAE « TR ZRE T mask SR B B4Rt R A4 26 o6 20T LA R iR A #0OR TR

exp(linear(w))e,)

M%Wﬁzz (8)

;”:1 exp(linear(wy)e;)
Hrlinear ) FR—1TEME -

3.2 ZHERFEERE

ALCRALREES, TN  CHEBRATOTHA, EFIIGERNE, R
OS5 85 TR & SR R T A TR SE (R A0 (5 B8, 7 TR A
BB, BATH BRSO AHIAFI] « SRFTIRATRS, FH AR B R
B, NTTHREE & I B XA R E

BT R TR RS T BT R Rl = (R LT, BLTY R
SRR (R R TR R = (B ALY, BT SRRk, BN L
BEITRIIFIRS = (51,50, .. 5o JIITRETRBE FHA.

RO = e, + s, + ps (9)

MATHARFRA = (W1 AT Yy, EASKIEE S, WS T E T
15/%\:

hl = MHAtt (b Rl (10)

X 2oL AR B AT Rl E USRS AR SCAR B N B AR, SRS B RRE & A T A4 plidm
Ly AR ARG HSE I MET P - BTN B SR RFIE AR VR SCAS A IR R, B RERS BE B2 21 S BT AN
IHKGsHIEEMLRSE R R R« BAEHBE KBTS, H ek S token S SR R & 15
/%\hw °

BlE J5 L5 B 510E BRI RN tokenB AN T SHERHR NG S, BRHRELE S HIAF
JIERSAFFIERHTRE, BEREEHHE I REh,:

hy = o(h1, hl) = a(a(hl,, hl), hL) (11)

wr e

E, 2022%E10H14H=16H.
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h,, = o(haWy + by) (12)

RS IR & BRI R AR — 18 N BT IR 2  28 F R — 2 R AL 32 8 103 UE B
h = LayerNorm(h™' + h,) (13)
h! = LayerNorm(h + FFN(h)) (14)

FENJE MR HT 5 4%, RAIReLURSHUBIE %L, H FlayerNormiZ ERHTLIL « b/ IR
AR o R GRS S RS VR 7 Beh! LUK RS BCIRAS B A £l transformer R 5 2% H /A T35 1A
RS, gwfis o AE key Mivalue, R ARAFITA AL B IS A SR 8 2 £ ER S
HLRILLE AT L2, B8 LR SCRIEE query, BIAZKIERAILHIF, S2H g
ik Asoftmax, FIT 5 HARMATL AR AR

P, = softmax(g'W, + by) (15)

HAW, ~ by W AIIGRAIZEL - AT FH IS R0 R B E O -

N
1
- _ (n)
L ”;_1: logP(y) (16)

Horpy W F R A B ESEH ., NFORIERE MR -

3.3 WikidataZliR B S A

FATTR MR RN B R SCAR R SERE B T 98, SR A transER VLR WikidataZl iR B HY
SCAR- R A E BRI A ZIERNIER R #1712k - WikidataZIRE & — N AL & R AR E R
EEE T OFEE RIS EIE, TINIMWikidataZ IR ERBCEEAR- R R =TTH, HHE
i transEBIEZE S SCR RN o ZBER O REER TS AFT R R ARLE M E S - HE—
SR RAR=ITA L), MITHRSKSEE, tBSE, RARERM, BB 2 > SLARF 5 R Bk
AFHE, BiER R & @ 0BT R e RN R TR AR, 24 (h,Lt) LR, 5Lk
mMEMKRAERAEMELIRLERE, HITE )t ARES -

transEI| ZR I 7 [ 3 2 SR SEFEFI X RAEFEH & B — &, #1255 RN
AT RIS T LR FE R A — D SR py &, TR 28 i [ 2 R R AR E P EFERN =T
H . transERJHR REN:

L= > [y +d(h+1,t) —d(h +1,t)]+ (17)
(RLOES (W' 1,t)eS(, | )
Sty = {(W,1,t) € EYU{(h,L,t)|t € E} (18)
HA A S FR Sk SEA Bl R S AR R e 1) 7R = 04

4.1 HIEES5EMTET

MultiNews#{ % 5 FH (Fabbri et al.,2019)$2Hi, MultiNewsE 95 5 HETE CEMA T#-E R
TR - ZEIESER B VR FE B E R IR (B 15001 F%E) « MultiNews B 2L TR AL S0R
HIEERIEE, WDUC, (HHRE K . [EM0Fabbrigs Ak, BIEES 44, 972 HTF I
AL, 56220 F F38 UE B S B F15622 F T It A SEA o YR SCRY AR 478 22 1P 35 KB 40 )
$92103.5 M FRICFI263. 7N FRIC » FATRFRE SR BT A FS, 3L B E IR T K5 6] 7 7517 AR
— FH) . A FStanford coreNLP T E X EIEE A THNE, # RHATACMEL 45 H: T
EAREUR SRS f) 3 i token « A F1 ROUGERN AR i B 5 bR Bt 7154 -

E, 2022%E10H14H=16H.
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4.2 FEEERSLHEAET

FEXFHE SRR R, AR SORHR H AR AL 5 IR JLM et T 1A 1T T HUES: Lead/E AT
FANHEF R BE, HERBRTK I FRIC; LexRank (Erkan et al., 2004)/& —/N 32 f# F 3T &
TE R 2, R iPageRank ) B IE R HES AT Br¥% ; MMR (Carbonell et al.,1998)3&
BURH HE 7 91 3% 1) A7 5 T M R PE O 3% f) 7 AT & ;. HIBERT (Zhang et al., 2019) ##
th FHBERTHE Y Xf 6] F 3 AT WO 25, SR J X BEAD SO # AT Y ;. PGN(See et al.,2017)7& —
NETRNNHERE . BEEEANS, 21FRG0E T 8 m AR SOR S ) 50908 317 i)
#; Hierarchical Transformer (HT) (Liu et al.,2019)i% &2 K5 bRl A/ B ¥ 7E 0 s AR 7 2 B
2, Hi-MAP(Fabbri et al.,2019)RF #5542 B gy WS T J2 1 40 Z 4%, FE B AMMREE SR
FITBEAFRAR5; Flat Transformer (FT)& K55 THHL 2R H D Zn- R0 28 B N T-F 104
FRFFFIELL ;. MGSum(Jin et al.,2020)& — M TIEEF A 02 O ZE M4, BRE 2>
THE AT B TE UERIR o CTF+DPP(Perez-Beltrachini et al.,2021)#& HZ TDPPHIE
BOEA, BERINEATY SRR DPP) A HIMERITE, HHERIIHESEERN
RIUHHLE & -

A SCAF I Pytorchafe SEEHE H AU AY . i FStanford coreNLP L B X £ #5817 AL P
AL S 2 Adam (Kingma et al.,2014), 2:>]F F2e™>, B = 0.9, B = 0.998- FH EEAAT
FE1GPU_L#E(T500, 00028 filll4R « RAL (I pr G Leth /2 2 BN A BER N0 NP« FoRFP
FIKE IR E 256, batch size K/Ny32, R A HIRGE S T HIECE BULE 9256, R lBFERIA /)
91024, KEVELE NS -

4.3 MGNIEB&EHFE T

FATEMultiNewsE IR 5 55881 A0 JLMARTLH1T T XL, LR R ER, MCGNIER
AL RHMER, EESHATLEREEMIINGEHET, URZREMAEF BN
ZHAY . MGNIE-BERTH 7l Il 25 155 B e sk BERTHE Y, 3% BH Tyl SR A5 B o O A0 85 S0k
% . MGEINME Y ZE 018 - AFROUGE-1, ROUGE-2/A Z£ROUGE-L, %4 aif TAEHEE T
WFRIERE, FHE IR -

Model ROUGE-1 | ROUGE-2 | ROUGE-L
Lead 41.24 12.91 18.84
LexRank 38.27 12.70 13.20
MMR 38.77 11.98 12.91
TIBERT 43.86 14.62 18.34
MGSum-ext 44.75 15.75 19.30
MGNIE-BERT | 45.75 17.01 20.39
MGNIE 46.80 17.22 22.85

Table 1: ZEMultiNews_E SBEURE AL %S LE 5056

FUR A SR H AR 5 1 B U B FEMultiNews 50T 48 B A% L SR g0 25 5L, ARIBLS R ik
AT LA ER, SR H BB BT A 52 A& T BGU R R B A BRI 7 - 5 TIBERTHEZY
ML, FAPRABERTERU SO TGRS, [RIR R 2K (5 Bl & K7, B TIBERTH
BRI T71.89, RIMFATHIXS ZHEAF B TR G T A U R M Z A R R THE -
SMGSum-extERIFE L, ATCHR H RBRIAE 015 (5 BRE & FZER B, I T BERTTIIZRIE
SR, BOE TSRS R BT A T 1.0, RIS A SR AR B A TN SRR P N T
K BFIREPEAEER, A PEE TEEERERIRTT -

Model ROUGE-1 | ROUGE-2 | ROUGE-L
PGN 41.85 12.91 16.46

HT 42.36 15.27 22.08
Hi-MAP 43.47 14.89 17.41

FT 44.32 15.11 20.50
MGSum-abs 46.00 16.81 20.09
CTF+DPP 45.84 15.94 21.02
MGNIE-BERT | 45.75 17.01 20.39
MGNIE 46.80 17.22 22.85

Table 2: ZEMultiNews_I A= 5= URETRY F%) b 5256

TR RS R SO, 150165,
2L .

E, 2022%E10H14H=16H.
(c) 2022 AEF(EEESHIE y
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F2 FEARSCR H PR 5 AR Al U T MultiNews BB 52 - N L SEgR2E 1, RIBLE R B AT
PU& IS SCHE HE R B B S il i B SE e i AR U B S T BRI AO AR, - ARSI A L
TMGSum-abstER R T 70.8, XEMEZ K EFEERE TH, AN T REER,
HR AR S E B 5 SUR R SHRE B TR & MR, BmEE 7 3UORR R
FAE, WG EERRE S, X TR RER IR THE A R - AT DAULER S, fEZ R
FIERA ER T SR B e sUBERTIR A, BT 5B R B LAEE B - 3871, TAETI)I SRise i iy B il
E A RICARFATREBINGR, BIIA T SMERFIRA SSRGS, HEFIIGRE R ER
IR ANt — B It or i, AEROUGE D EUFAL K, MGNIELL XMGNIE-BERTHE 4f
T IE ) TAEBBRIN, W BATAT IR A 200 B B 7 V20 AT (5 BARHURTSTE SURAE, RESIZHR
FIEEZFRRHE, AR B4 A0 A AR B R -

TE AR R I F 2BV BER A TR DUA I, A SCHR HY BB B 58 Bt R 1 G URRR A4 T L
AREUER RIRORELF, BRIAER TG T FE ARG B RPN E SR #17)I
%5, I BESRAMZREE BRE R ORI KR E BT TR E, SEl T SSARM(E B9,
oF T 5% B 1] )RR AR Al R BRSO, R SCHR H A A R B SR S A B T U R A
BRI SE BAE BT, R UERA T SERME BN T2 A A 20k -

4.4 SRS BT EERERIRN:

AR IGE T 5IA SRS B ROk SEEIN R IR RERVIR TE, O T IR SRS BT T E R RERY
SOME, RSO T M S BOTH BN USRS o SR3%E T AN [EDRLEE XN SEIRLE R B, H AP without
sent representation# 7~ £F 2 KL B Bl & AL & 1A {5 B SE RS B & VR ZY . without entity
representationg /N 7E 22 AL il & FE & 15 B AR FE BRl & R A, H AP MGNIE-BERTH#
RIS R BERTARA!, A INASME ARG BT - MGNIER REA TE S I HI R
BRAL, IIASNERSLAR(E BAG5R A 2k Rl A A .

Model ROUGE-1 | ROUGE-2 | ROUGE-L
without sent representation 45.51 16.32 19.57
without entity representation | 44.02 15.98 19.23
MGNIE-BERT 45.75 16.01 20.39
MGNIE 46.80 17.22 22.85

Table 3: VERENSEEGRT H,

M3 R FA TR L& Blwithout entity representation NI ASHAR(E B FE R FIALE,
FHIMA L ERERZIEF AN - #2 AMGNIER R I MCGNIE-BERTE L, R HETILR
T o 2 R AT AR SRR B A SR T SR R 3 R B A -l AT R o
NIMERFIVA B SR SRR R B, PAAE BIRE S RS2 I SEARRAE R AT 5 BHZ
PSR R SR B LA ETFCE BRI ARG B I AR -

4.5 NIV :

FH T PP A 0 S AR R I LA R S S — B E R A P R T EE R, BT Ut
N TLTVF R e ANF D E) o BARFE, ZR LI BES 44 BF 50 A2 R 0 AR AR B ) 9 ZE R AT VAl
FEMultiNewsEUE S FREPLERES0 MEA, y TIFEETERIFTE, A SORFEMGSumBA oy %
AR SATR L, =DA% (fuency), 155 & (Informativeness) 2L
5 JF R H R SEJE (faithfulness) , i E 2 8 SUORATIRME , GAFEEE - Z1RRIEEZH LR
—Htt . FREERTRMESEXASHRBNEMERIENEE - BLERRRESFENEL
—EHIAE RN o ASOREUEIEVME N 1-55, 5rEOBUR Ut A P REBR YT -

Model Fluency | Informativeness | Faithfulness
MGSum | 3.48 3.26 3.31
MGNIE | 3.83 3.58 3.96

Table 4: A 1M 45 5

FARAEMGSum B 5 AR I N TIFEE R, MR AT DO R B AT R AL i)
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4.6 THEA LB 3T

Source Text

Document 1:

san francisco ( marketwatch )-trading in all nasdag-listed stocks and options was halted on thursday due to
technical problems on the bourse, according to nasdaq omx group ( nasdaq:ndaq ). the exchange sent out
a series of emails alerting investors that it was experiencing issues with ” quote submissions. ”
in response, the new york stock exchange has also stopped trading in all nasdaq securities at the request of
nasdaq omx. ” all orders in those securities have been cancelled back to customers , ” said nyse
in a statement. the nasdaq composite index ( nasdaq:comp ) was last at 3631.17, up 31.38 points, before
trading was suspended. there was no immediate word on when transactions will resume.

Document 2 :

updated with nyse developments. ”a technical glitch knocked out trading in all nasdaq stock market
securities for three hours thursday afternoon, an unprecedented meltdown for a u.s. exchange
that paralyzed a broad swath of markets and highlighted the fragility of the financial world’s
electronic backbone. ”nasdaq officials scrambled to figure out what happened and resume
trading. they shared few of their findings with trading firms or the public during regular trading hours,
sowing confusion across wall street and leaving many investors frustrated. ”, ”the decision to reopen trading
with about 35 minutes to go before the close came after exchange officials were sure that banks ... ”

Gold

nasdaq is back in business after an apparent technical glitch brought the exchange to a rare
halt this afternoon for more than three hours, reports the wall street journal. the exchange hasn’t
fully explained what happened, but trading of all nasdaq securities ground to a halt just after noon
today, reports marketwatch. other exchanges quickly suspended trading of nasdaq stocks. ” all orders in
those securities have been canceled back to customers, ” says the new york stock exchange in
a statement. nasdaq blamed ” quote submissions ” in an email to investors.

Our Model

Nasdaq officials are scrambling to figure out what happened and resume trading in all nas-
daq stocks and options, reports marketwatch. the glitch knocked out of all nasdaq stock market
securities for three hours thursday afternoon, an unprecedented meltdown for a us exchange
that paralyzed a broad swath of markets and ” highlighted the fragility of the financial world’s
electronic backbone, ” reports the wall street journal. the move came after officials were sure that banks
would reopen trading with 35 minutes to go before the close.” the exchange sent out a series of emails
alerting investors that it was working. ” said nasdaq omx group.

Table 5: MGNIER T 24 5 5L
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EﬁjCV§?§F§T“E§ &, EEER 73Eﬁﬂ3%EEZj7j(Eiaé%L1n/u», fHHEE] T “three hours thursday
afternoon” ;X HTIETJM, DL “the glitch” X MEE &, H HSMEREHAITI T DUZEL, &K
Yﬁﬂiﬁm%ng§§@§uﬁmgﬁﬁE%ﬁmof%* BT, BT LAA A A
FETL RS ELRIRT I, 8RN PR A5t -3 R AR FF RS — 3 - M ERRE A
E KMTéﬁﬂiﬁMYi%ﬂﬁ%,%E@?Z@%ﬁ%ﬁﬁﬁiﬁﬁﬁiTIﬁﬁﬁﬁ

LU B e

5 458

FEARICH, BN TR A R 2 SO B2 P AR AE R BR = 254 (L5 B I LU A2 i 2 A 2R
SEAN—EUER T R T SRME B9 LA 2R 5 BR S 2 SO EAEA, Bk, 3l
WA T B S5 ERNTE H ELAE M0 195 o B S5 1 35 5 8 A U6 0 L = 15 L (5
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& o
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