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EBSUM: An Enhanced BERT-based

Extractive Summarization Framework
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T

H il oK & o B B 2 07 0% 0 o3 Ry Hh L 4 22 (Exctractive) Bil 28 55 X £ 2
(Abstractive) » B 5 I ARSI S CEIP AR ZE - (HEI A 2 — AR
H773  RERRE N EE RN I ~ EEEE - MU S AE 7S = e
TR E B RHEEERNEIH > ERFNGE - HArER
BERT(Bidirectional Encoder Representation from Transformers)yHiEL =i 224 »
%L BERT Ui HFForiAg » BidERE A E TR A 2 80 - {54
e s FRFER R —E B ALY BERT 27 5 fa M Hih B =X % 22 7% (Enhanced
BERT-based Extractive Summarization Framework, EBSUM) » T A& & T &)1
Hfr BEE R ~ 5B L5 g v AR R B AR R BRI 14 - 5 E R i
KB4 M B 1E(Maximal Marginal Relevance, MMR)FE-& il A i ZEfE R 27 o > DL
R TR E YR - (E B EBSUM TR A 2 &R CNN/DailyMail
o SRS E (B RAVERS R0 BLES B £ SR A B a4 e A i A A EE
EBSUM [EI#5% v LAUES e (R AT 45 R -

Abstract

Automatic summarization methods can be categorized into two major streams: the
extractive summarization and the abstractive summarization. Although abstractive
summarization is to generate a short paragraph for expressing the original
document, but most of the generated summaries are hard to read. On the contrary,
extractive summarization task is to extract sentences from the given document to
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construct a summary. Recently, BERT (Bidirectional encoder representation from
transformers), which has been introduced to several NLP-related tasks and
achieved remarkable results, is a pre-trained language representation method. In the
context of extractive summarization, BERT is usually be used to obtain
representations for sentences and documents, and then a simple model is employed
to select potential summary sentences based on the inferred representations. In this
paper, an enhanced BERT-based extractive summarization framework (EBSUM) is
proposed. The major innovations are: first, EBSUM takes the sentence position
information into account; second, in order to maximize the ROUGE score, the
model is trained by the reinforcement learning strategy; third, to avoid the
redundancy information, the maximal marginal relevance (MMR) criterion is
incorporated with the proposed EBSUM model. In the experiments, EBSUM can
outperforms several state-of-the-art models on the CNN/DailyMail corpus.
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1. 4&5% (Introduction)

VEZ PR ARSI K AR S Sl S R B E AV LB RE BT B H iR
7 RENFEMNT TSR F - Al0E - AFEEREFHNCFEER
B [FIE A & UL 3 - R 2R (Information Retrieval )iy /2 {5 (i A & A
HIEE s (Query) » HFTH X EETHET » R EAVE P REEUE A & 7 21 & (Nogueira
& Cho, 2019; Wu, Yen, & Chen, 2019; Yang, Zhang, & Lin, 2019) - & ZAE a2 C AEET 75t
HE R FIRE R R E - B EHENAEERAN - NEEHAIUE: - (EHAEFRE
FEE 2 BRI TR N A BRIV E N - MRS R CENA BRI Ry T
HBhE A E IR EHTE R (Pak & Paroubek, 2010) » BB LA ZHfr(F. Liu, Flanigan,
Thomson, Sadeh, & Smith, 2018; Rambaut, Drummond, Xie, Baele, & Suchard, 2018)f T —
& BRI ITERE - A & n DIpast B N — R ENE AR E A EEEE
CATRENEN - TEASENE AT QTR E TR &N - 7EA TR
BURHM T E2FGEHZEEAENR - ek T BB = —(ER 0 E 555 (Billawala,
Mehdad, Radev, Stent, & Thadani, 2018; Leiva, 2018) - [l 4 » BT EE R > BT
PESEITH - BT REw BB SR E &R E - (20 H A S R E AT Rl R B A
FEREI, - HP o WERVHEEL AT > PYEEREZEAS - WL SR EE A
PMEL Y A4S 5 (Maskey & Hirschberg, 2003; Maybury & Merlino Jr, 2005) » 7R#%
JFE FH A BELS S5 M9 fE 75t (Fan & Gordon, 2014; Imran, Castillo, Diaz, & Vieweg, 2015;
Stieglitz & Dang-Xuan, 2013) - B Z 40 00 JH SO B AT IR 48 70 B AT 5 s TR TR B0 A2 T
H (Fan & Gordon, 2014; He, Wu, Yan, Akula, & Shen, 2015) - 73835 A & 5 P i H
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PSR EHY IE R R RSCERI NS 0 Fr B BSOS i Al Ry BLE S P e Y — 8 97 -

AR S R B DHI S PR BN CE R EEATLER » SEAM A LU R &
BHCOHRZENENR » BORCE AR - (HAIRE T MR FESCEAIANE » RS
H BN A A A EHULEHI RS o SO R R R A L7 2R T R Y
TEZE > BEZNERM AN TRZELE S » HBAFIRE H BRI ER - i - 48 FErk4
uh o~ &3 bEwiE - ETEW-FE > WHREARESRD KRR - S HEREERESANE
Mz R &EER > o] R e DR B IR At S PR R AR ERS S - 281 {E3R S LA IE
b & R H A B8 )74 2 HE 52 (Lead)(See, Liu, & Manning, 2017) » $H2&
SR DU R R R AR BEA S Y sl R S RS ) Y )T R M T B — (Bl 2
HEZR LA AR AP EA — e AR ~ A NER » (HEGEE R E A
R 3 EL U SR SR R ARG 7 2T AT 4% A L A R T R B B oA,
M e HEEMEEEEARE - B 715 CE B T & 4 Z A B U 204
(Extractive Summarization)#| » 2 %5 =% %2 (Abstractive Summarization)t /2 H & 1 57 HIHF
ZeJ7iA - AR RS (R TRE I - B AR T E R N E
HIEEE o (Rt - B AT AU CF o] DUE Azl A AR N A - (H 0 o] BE IR Ry s A= A I
HIEEA) - T PR ERSREA R ME(F. Liu et al., 2018; L. Liu et al., 2018; Nallapati, Zhou, dos
Santos Gulcehre, & Xiang, 2016; See et al., 2017) ; FHEL =i 22 F 0 2 e By S 22 19 ) 1
ERt% > It EN o AT B EN - R > AU A AR L2 E
A8 (Nallapati, Zhai, & Zhou, 2017; Narayan, Cohen & Lapate, 2018; Wong, Wu, & Li,
2008) -

A » Y BERT %Y (Devlin, Chang, Lee, & Toutanova, 2018)fVf&H » 2526 H 2R
5B PR E AV S B B T 2SR A R o AR RN S 98 2 > BERTSUM(Y. Liu,
2019){# H BERT HUfS &l A FHIFmk - AN HBEN 2 8HEs - RE a7
TE Ryl B F-HUMRHE « BEAL - By TRV FE SR TTER - BERTSUM £ R HIj =0y = 2
&0 484 (Trigram  Block) » 5 Bl 8 i B A1 B A — a2 2 1) 1 RS LRl Dt
SPOTERIVEER © 82X BERTSUM LA Hl HUE U S5 T HUSAH & (8 R AVEB R > B3k
1585 » BERTSUM it = % 84 F{F X EFHIIE &N 5 - BERTSUM 2t —
&l 5] LABT A X A (Cross Entropy) #E7THII% > H Y Ry K AL B TERESRS 22 1) F AV PAME
(Likelihood) » fHAZ S 8L J7 XA FR BB TR - HELRSERYEY > 7574 ROUGE
Z R FAE S TERIRR (R - 27H - BERTSUM (£ H S = B8 )75 - VIR E
SHEYEERY - AHEFN L - AgmCEEH—ERY BERT 1Y5& #4522 /574 EBSUM(Enhanced
BERT-based Extractive Summarization Framework) » - NEE 8 T A FEXERIMEE
# o FIH 58 2 E (Narayan et al., 2018)fY 5 = S I BAREf 7 AV B (R E R B5%
3 — 20 s S AR A A B B R D T ER B EHEE LAY BE
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2. TEIISR 2 [aEFomE (Pretained Word Embedding)

T3 AR [ BRI S g [F) & (Word Embeddings) » J& 1 H 7356 = e B i B2 (I 5
2% HEWERE—E8EEHE D —EEEE AN maEFR e - FEIHKHN A HE
%8 5| LS A (Continuous  Bag-of-words, CBOW) ~ Bk & %I (Skip-gram) (Mikolov, Chen,
Corrado, & Dean, 2013)L K4 /5 A& (Global Vectors, GloVe) (Pennington, Socher, &
Manning, 2014) - 7772 Sb&C SRS oh > g —(l S EE (R B89 BT S E UM [EIHYEE A 2
TR HIFF S FEEAR RN E TR EEARRNEE - fla “FEE —5  REH B
T3 AR URE PR ECE B — KR - L B T e — R AR IR E
2018 4 Peter & 42 H ELMo(Peters et al., 2018)Z5 4% » £ FH & [q) & 45 B0 B AE A (BILSTM)
BRI HER - el B DA ER A E o st FE A BRI E—
{El55 » B ZE AR ERVRGEE M ERRE - #3%  BNREIHECEES (Long Short-term
Memory, LSTM){EAERY SR HG - A DS TE R A G NG E - 3 A — 2 (E
L E#EEEH Transformer(Vaswani et al., 2017)Z8 0 (EBEEIRGAE - [RE OpenAl AL
Transformer Z24% » 2 H, GPT(Generative Pre-training) (Radford, Narasimhan, Salimans, &
Sutskever, 2018)f5 1Y » FIAER B —(EEEMGE M ERN0E - BEfR - B GPT » &8 i
¥t i BERT(Bidirectional Encoder Representations from Transformers) (Devlin et al.,
2018) -

FHEZS GPT»BERT AR A4S FfEf TEEFFEEE) & Sl ] Transformer 1y Encoder
B GPT Ry Transformer Decoder » 37 £¢ FH %€ 5 ( Bidirectional ) sE=HEAY =0 ErTFE
& > HillSERIEE GPT 5K © $h4h » BERT BN HA(EFEEE - (EERYEI SR 77 F R (2
B P ER R THA SRR S RE = 5 (Masked Language Model) » B[St B8 31 4k &k}
Bz +ANETE I HIMASKIAE  SEERF FH[MASK]RY T &N [MASK]
JRAHY IERE BE ] -

SAKXREAIMASK] » 5 ZMASK] 27 & )

B T IR R R UL S - FEE R R - 809 SRS [ 2 5 A [MASK] 3 2 B &5 »
551 10%HY 51| Sk i (s A — (R BE A5 & VR EE > DL 10%RY 5l 9k R 45 E TERERY 5] o
BEOPER - By T {F BERT BB | TH 4% - NILER THEEESHEE - A A+ R
P53 E 75 (Next Sentence Prediction) » BI45 Wi {EA) 1 » HIERTE @ ®& RS —H0
&4 H) 1 - SEEHHENRY - 3%k BERT BUEE s AZ0E 1 For » [CLSIZ R+ HIBHEHE - 1M

s () () () ()] ) o) e ) () )

Token . : e ; e : i

Embeddings [ E|{;lR| 11 Emy | | Eduu ] l Ev. ] | Emtt'— ‘ ‘ E|hH’| 11 Elnl ’ | Ellkr"'..l | E;-I.\\.- ] 1 Enlm; ] | E[?\-Ei'] l
-+ -+ L ] + -+ + -+ -+ L ] + L )

Segment | |

emoedangs | B | | Ea | | Ea || Ea | [ Ea | [ Ea || B || B | o] 6 || s |
+ + + + + + +* +* + + +

Position | ] ] 1 [ I 1 [ 1

Embeddings [ EU [ El ” Ez [ E3 | E4 H Es Ee ‘ E? l Ea Eg ‘ Ew ‘

/& 1. BERT ZE/Z/E -
[Figure 1. Hlustration of BERT Model.]
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[SEP)Z R4 » HAETHIISR (i B 758 =M & Fom AN - 2 hlE i E
/=] & (Position Embedding) ~ & 7] & (Token Embedding) DA K% B 9% [m] = (Segment Embedding) -
fir & &2 A ARE R E(E T 2 AL A7 P —E A E - EEmER R RE
SRR EA) E_ABE A E_B S Bf% » BERT AY#i A By lb =fE R EAH IR » i[CLS]
A DA Ry ie BERS R » W HA A AT REE R o B 2 -

3. AAABERTHYHIENIEEE /574 (BERT-Based Extractive Summarization
Method)

I I I
[ Summarization Layers ]
[ 1
LR} R3] A
(R [RI ][R ][RY][® ][ RZ ][ & R |[REI[ R ][R |[RS
|
[ BERT
|
Paitv e Ey Ep Ey Ey Eg Eg Eg Eg E, Ey E, Ey
-+
fam e Ep Ey Ez Ey Ejs Es Eg Ez | | Es Eotll WEjol) NE1)
-+
Token Embeddings \Ejcws) | |Esent | | Eone | |Ejsep) | |Ejces) || Esent || Eewo | \Ejser) | |Ejces) | |Esene || En | |Efser |
b et [1cus) ][ sent | [ one |[1seP1][1cisi|[ sent || two |[iser)][icisi][ sent ][ n |[isEP]]

B 2. ZpBERT UEEHEI A #HZA(BERTSUM(Y. Liu, 2019)) 228/ -
[Fiqure 2. Hlustration of BERTSUM Model.]

3.1 BERTSUM

HIt BERT S&-PAEFTA AN 5 288 = I B B 155 7 E RIEAVSEE T - B ISR
& Z.4%(Question Answering) (Qu et al., 2019; Yang, Xie et al., 2019) ~ &:{lfa2(Wu et al.,
2019; Yang, Zhang et al., 2019) DL & ¥}55 247t (Dialog System) - ££ H ##& 22 (Gu & Hu, 2019;
Lebanoff et al., 2019; Y. Liu, 2019; Zhang et al., 2019; Zheng & Lapata, 2019b){yiHfZEH >
BERT 54 FH i fl U BRI 2 H - BERTSUM (Y. Liu, 2019)— 45 E MY SLFED
Ry — A FIES

D = [senty,sent,, -, senty] (2)

Hep sent, FZoRED TR IE AT - FEE AHIPEE: - BERTSUM & {1 &) T-HIBHBRANA
[CLS] - i HAEA) T4ERAIAISEP] : 554b - Bd BERT JREwSCHHE > & —(E a5 BH —{E
Ergmg &k F-EFNRERENESRHIERE - R ERESE R EMAIT
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fik » BERTSUM HYRFBE MR 5 iE[CLSIFESAE BERT it — vt - & {Fsent;HyE
TNVER; o FESNGHH UM S5 - BERTSUM if45—{ &) T-sent; i BERT FToRIGHIFRIR
ER B R B FIET RS R I BT AT o B R IRV A - HIERE
Rl 2 ARSI EER 0

{}71- =0 if sent; not in summary
yi =1  if sent; in summary

©)

BERTSUM #g iy =53 828 » B EREGH 530523 (Simple Classifier) - Transformer DK%
P (L A% (Recurrent Neural Network, RNN) (Hochreiter & Schmidhuber, 1997) » 3 H 1]
TS )R (Binary Cross Entropy)st BEFUHIERZE » WKL R EE(E BERTSUM AL T
ST ELEE R - BERTSUM R BIZEREANE 2 Fios - (IS LB - 2 HIEPE B (Test
Stage) » Ky NS AR SRR 1 ~ e Ge SR UL TUBRAY A)+ » BEETSUM (i ] = 7855 28
JE 7772 (Carbonell & Goldstein, 1998) » LIJE/ TN TUER » & 44 8 ELEE M T A) THES UK
BERTSUM FifE Ml A B BE R T A F-c » #cBISTRIET—=F 4l > AR e > (HIF %
hE—EGF AR HEEE -

3.2 PACSUM (Zheng & Lapata, 2019a)

BERTSUM 7 i B UH (175 HUS HH & 18 RAVEERS R > (B2 R B A28 T AR
RN EAVAERC L - R 5 E R A3 B FE R b (Cheng & Lapata, 2016; Gehrmann, Deng, &
Rush, 2018; Nallapati et al., 2017; Nallapati et al., 2016; Narayan et al., 2018; Paulus, Xiong,
& Socher, 2017; See et al., 2017) - [KLaES B EE NG AT AT 77 H (Erkan &

Radev, 2004; Hirao, Yoshida, Nishino, Yasuda, & Nagata, 2013; Li, Wang, Lam, Ren, & Bing,

2017; Lin & Hovy, 2002; Marc, 1998; Mihalcea & Tarau, 2004; Parveen, Ramsl, & Strube,
2015; Radev, Jing & Budzikowska, 2000; Wan, 2008; Wan & Yang, 2008; Yin & Pei, 2015) -
R 2 2 A 5 7 £ FE B4 ] (Graph-based) ( HE RS s 0% - A BAET
R FAE SR VB M (Salience) - SEBAREM » ERIAE E LD = [sent, senty, -, senty]
AR E 4] T-sent o1 By 8 T A BB (node) - 111 (T (B & 2 (sent;, sent; )i e, i -
A HLAUREHDLEE 7> B (similarity) (5 By iBe, (UM EE - 23 FE LA B sy s 0% » 40 Pagerank
(Brin & Page, 1998) - st & &—4a]5-#yfu0 M (centrality) :

centrality(sent;) = ¥ je1, . i-1,i+1,..n} €ij (4)

M S O A PR AR R 2 ) T2 8 R R A TR S 8
PACSUM 3 Fy Pagerank iIf; £ [#8 %1/ fry /7 [ 4 (Undirected) » Kt PACSUM ‘22
B EAGT R M A SR R A A R B - BE Y AE (E ARV PACSUM &t Bisent; ot
OB R
centrality(sent;) = A, ¥ jie;j + A2 Xj>i € 5)

Hofr > A, DL A, 43 B B il [ (Forward-looking) DL K 1% (4] (Backward-looking) H £ & - H.
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A+ 2, =1 fEEEF PACSUM #3HA, < ORE#A S EAYRER » 23 T 351+ B A
H A FREARYEE - oM B - BT o BETE T k84 - PACSUM ffiH]
BERT f & &) T 1Y 4w i 28 - 37 DL &) T J& 4 19 47 1 1 5% (Sentence-level distributional
hypothesis) (Harris, 1954; Polajnar, Rimell, & Clark, 2015)#77 BERT S &1 yfua
logo—(véenti_l’rvsenti) + logo—(v;entHlTvsenti)
+Esenti~P(s) [loga(_véentiTvsenti)] (6)

Hrfvgent LU Vsene Ry F{E A [EHY BERT - o BylfUS et ¥ sigmoid - P(s) B9 2153y )
Zefd] » BAIGIISRSE R - AT ELE ) THIREFRRE -

4. EBSUM : ESABERTHY&EMEMMENIEEE /574 (Enhanced BERT-based
Extractive Summarization Framework, EBSUM)

Update
o
[ Max Layers ]
G Gl
] ] ]
[ Summarization Layers ]

1

R Ey Es Ey  Ey Es |\Bw | Bw |[Bn || B || B ||\En || En j*
-+

(,.,,,,:,:vw Ezero  Ezero | Eze E, Ezero | |Ezero  Ezero | |Etwo  |Ezerc | Ezero  |Ezero || En
-

eyt g Ey || Ex || Ex ||/ Ex || Es || Ep | Ep || Eg || Ex || Ex || Exn || Ea

Poricn (-bessen  E E ||E || B || Es || Es Es || B Es || Ey || Ex || En
-
Token Embecangs Elcis) ”E,,,‘, Eone |£TS!P] Efcs) |Esmr Etwo I{[ﬂ]_l IE[Q]J IE:O_MI IE_“] Elﬂ]_l

[1cLs] | [ sent | [ one |[s€r] ][ 1cus1][ sent |[ two |[1s€r1][1cis) ][ sent [[ n ][1sEP]]

B 3. 27 BERT £95% @1 #1 A #Z Z(EBSUM) 22/ H -
[Fiqure 3. Hlustration of EBSUM Model.]
i 78 BERTSUM ELAE fft HU A B AL 5 oh HUSAH & (B B AVE B R > (HIRMTEE R -
BERTSUM = 5 84 T L HE P EE N 5 (L4 - BERTSUM 23t —(8 5 1 LL
s TR X A (Cross Entropy) 1731148 > H 1Y Ry A B EL TE R 22 4] - HY (U ZA (Likelihood) -
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(B XA T AT ) THE . BB 7374 ROUGE Z N FAE ¥
JERIRH % » A - BERTSUM f{ f = G855 » BV TUERERANVEERL - HEENIE -
Rem S —EER BERT ARSI % ZE 774 EBSUM(Enhanced BERT-based Extractive
Summarization Framework) » i N E% & 7 4 T CE P E &N - FIFREEEN T
R RSB T R AE RS > i DR R AR S B R D TR E
FHEEHL I RE

Feffpriett 2 EBSUM fZ 2R 0E 3 For » E5t > i ARYFEE: - EBSUM
WL E D B R A THYEE S D = [senty, sent,, -+, sent,| » sent;F R ED HEi{E 5]
F o A BES—EA) FrIBBEMAICLS] ~ A F-45EMA[SEP] -

4.1 AJFrEAE (Sentence Position Embedding)

FFE e LR N AN PHEBER S =Ry - B E AT A R T E R TR
R RALARZ BB EEA - &R CE P EERE R — R - & Tt
—HHEAAER] - EBSUM fRH =M% 8 &) L B &A% E : CLS & ~ ALL [HE D
F¢ SEP [m& - AN[E 4 iR o CLS [AEREAEE—Asent,IFAETTHEICLSHII E £ - I ¥
JERZ AL B R E, - Hi Ky 5 sent /£ ERILE > Mikk 7 [CLSILASMYF 5 - i
IE— A F Y RF B E zero - ALL [ B RIZE ARG — (&) 5-sent; PHIE— 75 IIAAE
s —E AR E R E 81 CLS [m EAHS > SEP [A B 2L —fsent HIERTFTIT [SEP]
frE £ i B EZ AN ERRE - HhifaTsent fELENLE - MFR T [SEPILL
HNFFER > AN E—(E A E AR E ero ©

ALL Embaddings Eone Eone Eone Eone Etwo Etwo Etwo Etwo E, Ey Ey Ey

3 Embeddings Eone Ezero Ezero Ezero Ewwo Ezero Ezero Ezero E, Ezero  Ezero Ezero

OLF Emaeccings Ezero | Ezero Ezero  Eome Ezero Ezero Ezero Ewwo Ezero Ezero Ezero E,

Input Document |[CLS] “ sent || one || [SEP] | | [Ci.S]“ sent || two “ [SEP] || [CLS] H sent || n || [SEP]]

B4 =ELFrERE - 45/ SEP &k - CLS &k - ALL /&4 -
[Fiqure 4. SEP Embeddings » CLS Embeddings and ALL Embeddings.]

4.2 5&2{EZ3E (Reinforcement Learning)

TEFRE R BT T > o 2 R A A P A 8RR e ) S 2 e i i — (B ) 21 T & U L
& HH IS SRR ORI ) T4 88 R TR B2 ) 1Y 53 80 > I (58 FH 28 Ui (Crross Entropy)st &E
AR TEOIIGS FELE S R 2 R FE TR SEOTRE T - BENHUE R A L IEE
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FR 37 2 T DU S s Y TEUHIDLZA (E (Likelihood) - {H DUEA b &0 3 SO {E B
B &R0 a7 B a1 2 I EER R (G 0 LS RRATEISR )7 =0 i) E BE B 22 7y
BOAEETE - FTLL > BRI - (ER A XURE BB LRy B RS 5 2 A iR R A i S B 5k
HUEITUERHY 4] (Narayan et al., 2018) « AR I » AWF7E7 #5805 (Sutton & Barto,
2018) 1y g E2E (Policy Learning) (Williams, 1992) - 7 S SRR 31168 H AR B 27> 8
(Bl ROUGE) 7 S BHHERYE ERR (% - fE5R{LEE T » BN EN—RSCED » Fffal LA
BEREAHHE —4H AT STE RS2 - W 2L ROUGE-1 B ROUGE-2 (Y F1 7y S a8y 240
T FERVEEENEY (S) o HIL - S(LEREHY B AR = Ry i/ M B TR A & 25 ) {E (Negative
Expected Reward) :

L(®) = —Eg_p(p,e)[r(S)] (7

HeboZMiHEURE I 28 - &6 AR TR IR ER R B BIE LR
FEHA SRS E8ir (SRR - H H IR RIS 5L &) 15 5 A = R E
AUsHE T - L AT AR SRS E R - R R HG U S A A0 (e il U
ERYE TR -

4.3 s REGHBEMEmE (Maximal Marginal Relevance, MMR)

Fo 7 EET G ZHE A 0] LA gt BT & AV M BN &R S 6y
i K=& fH P (Maximal Marginal Relevance, MMR)AE]I] > $2 i KB GAHRATE R & > (i
5 EBSUM {E&{ tit (X (iteration) &R w] LSS ST /e HL & A &RV &) TR 22 - HNE
> BEETEMESCEED = [senty, senty, -, sent, | LUK CEERAIREHES - #HXEHEH
HAESHI T3 » FffI4a T —(ER AR SMERMER & Es 5 K2 » SCEPRIESH HBNF
i > D Efe KIEGHBRIE AR EVR R Z > HYtnE HEHAE - WACH BERT JISREE
H o U 5 FoR - fy 73 EBSUM EE T s KIBGAMBIME R EBAVE SR - (EleRiF > 3
ISR R Y — R S R RE I Pk e 0~3 4 IEHER ) T IUA SR & SH » RIS 8y
SR AR IR T S ORI R Ay IERE R A 1

Maximal marginal Ex EN Ey Ey Ey Eg Eg Ey EN Ey Eg Ey
relevance
embeddings

mouvocmen [ [CLS] ][ A || B |[iser]|[tcts)|[ ¢ |[ o |[wser][tctsi][ F |[ o |[ser]

5. BABGHIIERIRE -

[Fiqure 5. Maximal Marginal Relevance.]
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4.4 fﬂ&;ﬁ?ﬁﬁyﬁ?ﬁ%&i‘%Zﬁﬂ (Fine-tuned Extractive Summarization
ode

Ky T5% EBSUM % 4] T X E RN EE R EFHIRGUTEREHIEE ST - BItBRT
UEAE - s RESERES » MBI AT L E F & i KIS G A R
a5 > ATLATE EBSUM > F— (B RER AR RS S S - #5%  #
FH BERT » Zfr] IS EIE—(EEFHVmEFR L - BIEIE[CLSEE#AE BERT fxik
—J@iig - EEsent,NFRIAR,; - (EESE—EETNFRRIEAR - B TRE S m Sl
AH1%J&@ Transformer H 8 1 5 1Y 5 2217 (Summarization Layer)/g(Ba, Kiros, & Hinton,
2016; Vaswani et al., 2017) » &%l BEE A1 #7548 RIS n s o E5—R=1E 0 H
e K IEGAR R R E0TI0A - EBSUM 2% 1 =00 B JOEE AN 3% R TEI 47 B e R Y )
A BB AES T » HE A T8 (STEes% e IS EE s 780 BT E R
1% > BE(E SRR I -

5. EE4EREBIETER (Experiment and Discussion)

Fef{sE F§ CNN/DailyMail (Hermann et al., 2015; See et al., 2017) &I T T BRE R AT
RERTAL » SR EME MR - W FR R 2 Hgllss - BEgEm
JHIEVEE Sy R 287,227 ~ 13,368 DL K% 11,490 B2 - $eff{s A PyTorch ~ OpenNMT(Klein,
Kim, Deng, Senellart, & Rush, 2017)L 5 bert-base-uncased ik 7~y BERT B AWHFIEFTHE
i EBSUM - Jy 7 EfTECES » FRAFTREEL T 9 {EAVEAE 2% BERTSUM - (HS—F2EHY
= fBERTSUME’JEﬁFEi‘EEEP R DA 5 B EEE Y AT TREER - P RE 2R Fs BERTSUM
Fo/DIA S EFHV & EARE - B Ry T BLEAMEAE 2 0 TEREL - MR R D
BA5{I%EUE’J/TJ?L??{$% HersE A% BERTSUM BlIHEREZIE(LEAD) » Hha4s
R 1A - EtHEBEN T AT ERAY BERTSUM Bl JFEm Y45 S EF B8
AR ERMRHESH 5 ([EFL THEFIREERLGER - vt EL =AM 775 G AEEE
By o
1. LEAD ZZBERTSUM Z= CNN/DailyMail Z5RI£E 1T B bR -
[Table 1. Experimental Results of the LEAD and BERTSUM in CNN/DailyMail]

ROUGE-1 ROUGE-2 ROUGE-L
LEAD
(Y. Liu, 2019) 40.42 17.62 36.67
#0520, LEAD 40.42 17.62 36.66
AT BERTSUM
(Y. Liu 2019) 43.25 20.24 39.63
BERTSUM 43.15 20.16 39.56
257 5 ==L,  LEAD 40.32 17.56 36.58

THYE]F BERTSUM 43.25 20.20 39.61
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7 2. CNN/DailyMail ZHFEL &1 B » 77 7 Er i o) 8a B X EL R
THERE -

[Table 2. Avg words and sentences of Documents and Summary in CNN/DailyMail]

ST HETE
GEm TR 8 T 8
CNN+DM 11490 691.9 28.0 54.6 3.9

FEEE AT BT PRI LA T (T LR - B - FE BT AR ediEk (Pointer
Generator Network, PGN) (See et al., 2017) @M E XA ERAMEE - HEGERE 28K
EG AV HE M EA(LEAD) B 2% » IE 23T 2 B R AR E LM AVEES - BB 5 NEESR
A FUGHI . > BEET SR H - REFRESH (Narayan et al., 2018)#2 tH— 1l {5 I I
SR SR AR I AR - HAE R pOS R 15 #1 A AR A S (PGN) LU SH AL 25
(LEAD) - Hiit BERT B2 » 512 H 2R5E 5 e BLAYAHEH P RE B S (S RIE LAY > {Efh
U ZAYpgE S > BERTSUM JZ22Lf BERT [ifRHAVEEHEL T % - HEBRGER AL - il
AR E ~ fRSTAEARAEEE DU R REFRESH A £y ROUGE 778 - #EZX BERTSUM
EHSAIREERER - Bf2EEE T AT EXETAI BN « R B R EEG
FHHIRAGAAZE Y] - 1 A S e R AR S My = 5] i A DR S TUBR & AR AL » By 17
fig s SR FRFHRH T — BRI EIUA BERT AYsR@MEMEREZA EBSUM » &
BRsERBUT > EBSUM TEEHECH FUE 2 - fadf k4R - REFRESH LUK BERTSUM
HE Y ROUGE 778

K 3. BAKALTHHELIZ ) CNN/DailyMail E755E LATEB#AR -
[Table 3. Experimental Results of the Classic Models in CNN/DailyMail]

ROUGE-1 ROUGE-2 ROUGE-L
LEAD 40.32 17.56 36.58
?SCZ,:, Liu, & Manning, 2017) 39.53 17.28 37.98
(Rl\IlEaFraRyi?ll,_'Cohen, & Lapata, 2018) 41.00 18.80 37.70
(Bfﬁfg(';"lg) 43.25 20.24 39.63

EBSUM 43.42 20.40 39.78
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KA. BT LTS ERETT RS R R
[Table 4. Experimental Results of Improved Components in CNN/DailyMail]

ROUGE-1 ROUGE-2 ROUGE-L
BERTSUM-Trigram Block 42.56 19.96 39.01
BERTSUM-Trigram Block+CLS 42.64 20.05 39.11
BERTSUM-Trigram Block+SEP 42.68 20.08 39.14
BERTSUM-Trigram Block+ALL 42.25 19.72 38.67
BERTSUM-Trigram Block+SEP+RL 42.71 20.14 39.18
EBSUM 43.42 20.40 39.78
EBSUM+Trigram Block 43.28 20.16 39.61

Bitg » B —WIBRFEARIHTE R M S ESCE T - B 0 BT s Em
EHEAN S RMAEANFEH=EE#)E AN BERTSUM o » R R
B"BERTSUM-Trigram Block™ » 43 HIfjIA CLS & ~ SEP @&l ALL [H& @ BEass
BaFE 4 AR 0 7R3 R A "BERTSUM-Trigram Block+CLS” ~ "BERTSUM-Trigram
Block+SEP”EZ"BERTSUM-Trigram Block+ALL” - FH & Eass Bl 41 B AL ERSEIIA
FirE Faml & R HRE R A (B ALL M8 ) - & PR Rl L B & R0 AT A 55
A & 1 (55 | | RO A BN S R R ) i B & R0 A [CLS]=[SEP] - »
A ET ARG EFRNE - B DIEERR A B & a AT E
e P IR L2 BRI 2 8 BRGS0k 4 T1"BERTSUM-Trigram
Block+SEP+RL"FT/ » & REUT » MIAGRLERE - HEH o LAA RO B ARG 45 R
FAEAL 7 o RIS AHE R "BERTSUM-Trigram Block+SEP” » m[ 15— ERIRSHE T © %
% » B3P "BERTSUM-Trigram Block+SEP 3% E 1 A S KRB GAHRA R A & B
AR AW ZEATER 2 B BERT Ay MR IR ZA(EBSUM) » MRl & T )AL
BEH - s LEEE DU R KB GBI » (Nt EBSUM A] DUBE TS i (AU ZE R -
& PATHE— 2T s EBSUM P B = 78 5a] i A AH 45 & 5 (BT "EBSUM+ Trigram Block™) » £
HHIRER TN - B R KB GHEEAERC B8t &R RV ERRR - HH
AR A = GRS 0 IR B AR — S B S BEUS A IR - TSR
FEARAYEE R -

6. 453w (Conclusions)

EAS T FRHELH T —EH EE BERT Zoafi M EltiEEEE EBSUM » R{E%
BT AT EER - FIHR(EE 0 o fig AR B (LR R M - B E Bk R
KIBGA RN S E A AR > o> RIEE AR IFEIE RIS CNN/DailyMail o >
EBSUM o] DUES SAEAVREZAEE L A2 FFTRARFELCE EBSUM RERIZERE
FEHADEGE - BAN > ALt A DIEARERESERET - BRI
AR BEAN » FRIHRHE EBSUM JER A HAME 2 > S50 E SR B e % -
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