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1 BottleSum: Unsupervised and Self-supervised Sentence
Summarization using the Information Bottleneck Princi-
ple
*khkk ATREHF Unsupervised, il Self-Supervised 24, {5 i HI 3 HIHEE St

W, IR —5e, 46 TWRESIFMESE BRIy, BAMREmReE, mE Y SiA R

SRS X, EifE ACL19[ ) | /F1 EMNLP19[ ) Jo — ALY A SR
20 BottleSum— A L8 W 24 f#iE. M Information Bottleneck Principle 3k 5¢ /) 145 %


https://mp.weixin.qq.com/s/7maIQFxaY6eOV9cGlLEvEQ

4% . Information Bottleneck Principle(IB) W AREE B2 U: MR X B8 NEHEMN X, ff
TR X AT DA TR X MeR Y. (EREE, FTRARRRN : ARG, SR MEE, R
P ] DA A T AN SO R — ARV (A25RA golden, FHE/E golen BT, W%
A, FHEAFIRINE) o BEERTDABEE O p(SIS) = 1(S;8) — BI(S;Y), Horlt I 3 THAR
B, B I(S;S) FRT S WETLA S PHfER. XARTFE TR, — i)
Z AR SO E IR S RATBEIMEFHBECCEE, B—H, BAAE S RTHMNEE 21
Y HEE. B —IR A pruning term, 55 IHEARA relevance term. AB4 Y 2AfH4
ARV WA T MR &, WA golden, & F H 14 1) F ik FR Y,
BHBGRATI I ZR ) MLM A1 Next sentence prediction. 7y ZXf 24 Fif) 72, 53045 %
A RAFIIN R ) o 8 SO RFX RO ¥ AT Auto-encoder HEFT T XIHE, BB T HA4F4L: auto-encoder
BT A —NEEHL, A TIEXNEERBEAL, A model R THCg &N, FAUET—
SRR BEMEE . MEHASCH %, HRHFANREMESC, FrARA XA R, w3CET Bk
POE, XML, 8 R ARXAH PMI GREAAL) #847 THAER T B e
—log p(3) — B10(Snext|3)p(3) 108 D(Snext]3), F/NEREF o Jorr p(3) Rl p(sneat|8) PTPAF—NTHINZRE)
B AR, BSOPRE T RAME TSGR, ROERBE . IBAX MO AR Z iR DL-based [
BB, ANTFHEAEREA R AEARLE b2 > — A, gt @M a8dR o, X Ta—& 8,
FRAT AR IR EAR A E AR B X ) 4. BARSRE N,

Algorithm 1 BottleSum™ method

Require: sentence s and context Syc.¢
1: C«+ {s} > set of summary candidates
2: for [ in length(s)...1 do
3 Cy+ {s' € C|len(s") =1}

4: sort C; descending by p(Spest|s’)

5: for s’ in Cj[1:k] do

6: ' < length(s')

7 for jin 1..m do

8: foriin1...(I' — j) do

9: s" « §[1:i—1] o s'[i+7:U]
10: if p(s”) > p(s’) then

11 C+CH{s"}

12: return arg max p(Spezt|s’)

s'eC

i 1: BottleSum 35yk

BRI T RA s, REMERRKKE length(s) B 1 (WK KERIRERE), THh
A, BUEBUX K BRI, RIGIRIEERAR —F, 28 top-k 4>, k B—M#Z. A5
ST, IR RTIE, BTN m A, m 25— S, AR s
Hos' CHRYEFIZE S HAUEE]) B, ASako) AR, Iha A MGt E A s i T DAAE A
S p(sneatls”) BRI

TEIBRSE AR E ST DAE B R, BRDARASL, ARESGEFIA] GPT-2 FIHHH L ke i 2
Y pair XFIZ—AEME0 model,



2 NCLS: Neural Cross-Lingual Summarization

*okdookok of H TR E SIE IR E R SR . A EE S 2 (Cross-Lingual
Summarization) £ THOEIEE (RS 0 EHESE, ACL19[Duan ot al, 2019] A
Gigaword HARHE T AGEFMMEEE) . BT 284 sum B w2, IR HBREFHME (MS,
Monolingual Summarization) FIHLZEEHE (MT, Machine Translation) {E A%l BMTE 5 #7215
23] o BRI A S T BN B, PTDATR AT R B Y pipeline 57
B, XFEEERERE . A THEGRELAS, SR DORSE M B s IR T AR S ERT
PLasliE, (HEPlgeiee— X0, MY TEgEE 101, RS HEERE SN EENE
PR, AAJETEE bR E T AHLUE S .

PSR E MR R UL M AU S S0, Wb BB S . G S S EMES AN . Zhl
M3 T pipeline Bk, SeliEE R XM A S o BRI 5 i A 0 2 B K I 25
— MRS P EARAL, X T Low-resource >Kud, wiHCBIMAT. B3 AT AGE A —2838(] TextRank
ZRMTCIE T EE . R B P R 2, PR R RRROR AN, R 5 ) 45 R T AR 0
T e RS R 2 domain B, YIZREIFEEIALR) domain FIHHZLA domain
AE, IBEE— RS AT, NE R R ERCR L a—M. PTOUB IR, pipeline 54
ATHERFRBIKE, — B . [Ouvang ot al,, 2019] 51556 B R ITER T Low-resource
RULATANE, Fr AN prefer SERHIFERI V5. I AMRYL pipeline JyyAMRAS Ty @A — - im 2 i
IR, XRESORT T X — =1 .

Ba g th s iB B B 42 CNNDM A2 HSH i 28 4 MSMO[Zhu et al., 2018] AP 3CH
TEREAE LCSTS[Hu ot al., 2015] 185], Hr CNNDM Hl MSMO %ifx ENSUM, J& T [ 4,
LCSTS i R JE T HR M . 5T ENSUM 4 En2Zh, £ LCSTS kg Zh2EN. R
J7 ¥ Round-trip translation strategy, round-trip BiFmie & Seft— 0] #1135 4h—FiE
& (forward translation), #RJGHE-HIFERIZE (back translation), FASFRUNE2.

English Article (Input for MS or CLS) | Round-trip translation strategy (RTT) i

Rod gray , 94 , had been taken to hospital by ambulance after he English Reference !

cut his head in a fall at his home ...

English Reference (Output for MS) MS
| Rod gray was taken to ipswich hospital after falling over at home . |

l Rod gray was taken to ipswich hospital after falling over at home .

|
|
|
| | 2rov .
: ROUGE{ i
| 1
<T X
RTT R E I ___________________ i
CLS Output CLS Output CLS Output \ Forward : Rod gray was taken to Ipswich Hospital after falling down at home.! |
l S Sutp - PUl e l - 1 Translation| e e e = S S e e - t
(Zh) p) (De) ) Round-trip translated Reference !
B e T LR H GEAME (W 4{u. oy N Rod-Grau wurd_c na_ch d_cm ' Back H
15 6 Ak 3% A A7 B Ak CTVARAT AT 4y Sturz zu Hause ins ipswich{ Translation |
HER FmciElrnEL . Krankenhaus gebracht. : CLS Reference (Chinese) :
U prey ok S £5 " ~ 1
Chinese Reference Japanese Reference German Reference ! l F A« ABW A K b IS AL AP R BT

K| 2: Round-trip translation

EIGERYL, A IGERERXN (Dens Sen) s K Sen HHIEE—AIIHEAT round-trip #%, W12R
W2 R 4R 5 R4 ROUGE F1 (M TROERME, B2, &Mmtskr. 54
Sen) KV, WER=13 2 Z WA THEBEIR T, IAXDETHF AN HEPER - TP SORBE
—#f, 715 ROUGE Jl Char, S:fr5 {053 1 BERT i FALFAF R THF T R) . SIF16
BENXFIESC, AN IRE] 7R —Fh T E ] DSBS T 5 B 2], (BSekrid il —Fh E 2l
T, Iy — LR A gL, A T ARERESE, LA baseline [T, ZHJ Cross-Lingual
M SRR &R0, BUERMEMOCIE , MalAA DR ORd H AT EIAY cross-lingual #/2
3L, ) e afas] 370759 En2Zh %, 1699713 Zh2En X,



Baseline ;445 T Early Translation (ETran) £ Late Translation (LTran). &4 5T g 3 i
i Transformer-based NCLS models (TNCLS). 2 J5#I f MS 1 MT ki 7£ 1L 42%>) CLS+MS,
CLS+MT. AT CLS+MS it AR~ ASCH, Hith AR5, 1T CLS+MT ik,
AT, — R EsdE, —MEiEsdE. wmEs.

' CLS+MS Ty R R

/ CLS-Decoder
Encoder
Lot TI\ MS-Decoder

3 E-Rod gray , 94 , had ... E

.............................................................

| CLSHMT Y R R w0
| MT-Input "'f"'f"}---f---f---- E

iThia _ s __en example | CLS-Decoder
- : v 2 /
i Encoder

| Rod gray , 94, had ... | ™y MT-Decoder
CLS-Input 1
MooWo LML MY LN

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

K 3: Multi-task NCLS

1. TETran F5eA] LDC JIIZ5HET Transformer RBLERBIFAAL, Jellli¥, HAM LexRank
2. FJC B EO R R R FERIELAS SR AP BT I 2R o

2. TLTran H| AT Transformer BRI, 351 ZREIRA UM BT A . ARIPRIEAT .
3. GETran fl|H Google Translator,

4. GLTran F|{l Google Translator.

5. TNCLS #F Transformer (] end2end 2.

6. CLS+MS 456 MS Z11:55 .

7. CLS4+MT %44 MT £414.
A TR R, BRAREHE LR

1. GETran, GLTran Z ¥, TETran, TLTran %47, PEEHAE Pipeline 773, BIRRUR L ®E
L

2. K7 TNCLS 1y En2Zh %l , % w-c (&0 B w-w 44752 o e 30 i char
FEWG . WICREREE o0 T char 7pE], WTPAREFRALIZE KN, decode PR MHE

/b unk.,



Model Unit En2ZhSum En2ZhSum#* Zh2EnSum Zh2EnSum*
RG1-RG2-RGL(1) RGI1-RG2-RGL(1) RGI1-RG2-RGL(T) RGI1-RG2-RGL(?T)
TETran - 26.12-10.59-23.21 26.15-10.60-23.24 22.81- 7.17-18.55 23.09- 7.33-18.74
GETran - 28.17-11.38-25.75 28.19-11.40-25.77 24.03- 8.91-19.92 24.34- 9.14-20.13
c-C - - 32.85-15.34-29.21 33.01-15.43-29.32
TLTran w-w  30.20-12.20-27.02 30.22-12.20-27.04 31.11-13.23-27.55 31.38-13.42-27.69
SW-SW — — 33.64-15.58-29.74 33.92-15.81-29.86
c-C — - 34.44-15.71-30.13 34.58-16.01-30.25
GLTran w-w  32.15-13.84-29.42 32.17-13.85-29.43 32.42-15.19-28.75 32.52-15.39-28.88
SW-SW — — 35.28-16.59-31.08 35.45-16.86-31.28
c-w - - 36.36-19.74-32.66  35.82-19.04-32.06

TNCLS W-C 36.83-18.76-33.22 36.82-18.72-33.20 - -

w-w  33.09-14.85-29.82 33.10-14.83-29.82 38.54-22.34-35.05 37.70-21.15-34.05
SW-SW — — 39.80-23.15-36.11 38.85-21.93-35.05

[l 4: Baseline SRAEE, * R T A THIE DUROS: R

3. FE Zh2En [, sw-sw ZCRE, B SCRERE T ARRIZE, > UNK, cw BUERA sw-sw,
{HUB IR SO LI c-sw, ANHITERCR anifnf?

4. En2Zh fl En2Zh* £REAZ, JEPE En2Zh @RS, A MT e85 SUsECrR A
5. Zh2En Ml Zh2En* RURMZEMRZ , o4 Zh2En @HEEE, MT REMIFECRE. AT
RIER A Z .

5. T Transformer ) End2End J7EZE L pipeline J7yELf .

T2 Multitask (45585,

Model En2ZhSum En2ZhSum* Zh2EnSum Zh2EnSum*
RGI-RG2-RGL(1) RGI1-RG2-RGL(1) RGI1-RG2-RGL(1) RGI-RG2-RGL(1)
TNCLS 36.83-18.76-33.22  36.82-18.72-33.20  39.80-23.15-36.11  38.85-21.93-35.05
CLS+MS  38.23-20.21-34.76  38.25-20.20-34.76  41.08-23.67-37.19  40.34-22.65-36.39
CLS+MT  40.24-22.36-36.61  40.23-22.32-36.59  41.09-23.70-37.17  40.25-22.58-36.21

K 5. ZA1452%>], En2Zh(w-c). Zh2En(sw-sw)

1. ZAT4524 )X baseline #4358l .

2. 7 En2Zh I, MT #iBw i, JFEREREZ:
). (HS2AE Zh2En |, ROREA—,

TP RT LSBT ULE , FF En2Zh $dE4E b, En %A R A subword 4], B AE
SFHAKRK, AR char FEAHUL T, WHE L. LA En2Zh i Asig eS¢ H A word
or#l. 7E En2Zh e ERTAAWIR K, w-c. w-w, Z5IER THER Al word, it i
SCH char; FEiEH A word, it SCH word. X En2Zh BsEEH AW A 200 4NE
JOBHEARWTA 120 MAEE, HOSCEITR 150 .

(1) MT Fllade ks (2) MT Hlibe @



3 Reading Like HER: Human Reading Inspired Extractive

Summarization

Kok oo FE CNNDM Al B 28, AR et B albl. N EHE i f SO
HIBHE S =88 pre-reading, reading fil post-reading. pre-reding AFH LR, FASHRE
PEE, BA—INREUNEE, reading 2#RYE pre-reading FAHFE B TR —LAENIE L, post-
reading J& T AGRAMEITEL. 18 SCRF = RBAH AP rouge-reading I careful-reading,
BRI B BGUR 2L AR — 4 Contextual-bandit 378 (A EF3C, R4 E
T3, RIS action, SRJEAFEN—ANRG) o XN S 4k G 2B AR S B SR BRI
A JRFHE A RRRRAE, BEHU) -, SRJEIRIRAS B A T A FIARAE golden FLAASEIR ). Bt
PR .

Policy Gradient
If Not
| Terminated Reward
| , .
[ ] ( \ = ) ? ‘ 2 S
| ) ‘ ) \ )
Sz ) Gel\ll'leetml Global Feature bandit | , : If y 4
| e policy \(Paz2 ) Terminated / \ X Gr, )
‘E““’de"k 1 , || | Decoder > . [ROUGE |a==f ..
] = Ly 2 UN-1 y Y 3 ) g \
| \ J [ Sa, ] \ { G, )
: ) : [ Sy ) | ( Lo ) Selected Reference
: ) ' Local ( Ly ) Sentences Summary
| \ ) wef0,1]
Document Sentence Net
|| Embeddings Local Features | | Sentence
| Affinities
D it Rough Reading ----------------| ‘ ————————————————————— Careful Reading -------------------- >

& 6: HER model

Rouge-reading #4)fl Bi-LSTM KIZUAAH LN THIR 51,82, s v, HIFFHI—F 12
AR D, JGHEOR L k KR4 max-over-time pooling #5], SFAF4— 4T,
SRR AR T DA — M4 o HEREC MY, SRR s 5 R B4
A e-greedy RIATHERE, FIA—EMFELIE. FHEHE T4 Termination Mechanism, 4ffli%
BABUBIROR G, $E£ P EKEFE. Done ~ Bernoulli (min (£25,1 — i) ) S F RO R

ma:

I, BEER M ARARI SR 1. YIZRRY A REINFORCE 1)ll25.

4 Neural Extractive Text Summarization with Syntactic Com-

pression

Fokokk e AR TAER B TSR RA BT 0L, BT A T (Extraction) FI4] 1
He#i (Compression) 58 A SCRHH 2. B eSO e i—284) 1, SRJExE T3 p g — 1>
T MR A P e — AL HZ A AT He i X SR @ AR 734 (syntactic
constituency parses) WU, P B4 BRI, BroAXt TR ey B s, iRt
B o

JEGRBUN : [F](74 R S R MAIRDIRIE A RD; 44 TRl A T A i R MR TR A (L T);
Ve 22 VAR — B W h 44 Bl (B IL7); FE R E R i N s, L —; F5 5 A 5 A
IS 24 AR S RN S5 1 1 7 AR AE R 4, R TR E B SURAIE 55, T DA E R B R . —
NRAREGRBIT



intimate portraits VRN
VBG e NNS

featuring well known artists with their furry friends

B 7 SO

AT SCRY 4] 7 Bi-LSTM #6/R, ONN 153.8)h) T8k #%7R, 12 DOC LSTM 533
7~, DOC CNN 53| ek, FRRG— DOC LSTM decoder ik $eh] 7. 1ERF—1 deocde
step, EF| doc Fn. E—BZIERA IR, E—WZRZEFRR, BIHNRZEZR, FIH
FUZ AR M) RN 3] logit, EERERAY—A>. BRI A T2 5 AN REFGE ., T DA 5
il /A logit 2 0 ASLBL. UIEIS.

Too often cats can be overlooked in favour of their ¢ CIHE h

cuter canine counterparts. > g o @1 e Doc Vdoc h] h3
But a new book, Artists And Their Cats, is putting ] i @hz \\[:EE CNN

felines back on the map. Teel

Philadelphia-based artist and journalist Alison Nastasi E
has collated a collection of intimate portraits featuring g
well-known artists with their furry friends. =

ﬁ,li ol ? ?
= L o

&l 8: AU

In this image, Spanish surrealist painter Salvador Dali
poses with his cat Babou, a Colombian wild cat.

o
=z
=z
am @00
Sl
W1s18 %0a

A HegE s RIS T AR R ] BE S 4R R span, X TA—An] B4 001 1H sl F i, LK)
Wrie I MER . ARiERY Label tALMIZY . A9,

Philadelphia ... well-known artists with their furry friends .

‘
[ Contextualized Encoder
Compression
Sentence Enc Enc
[apm ; @D ; eEw ; CED]
hdec Vsent Vdoc vcomp

o ‘:.-—' Binary
i Label ’* Classification

& 9: AT g



5 Concept Pointer Network for Abstractive Summarization

Fokdok o AR I AR pointer-generator AT IESCHT copy, RAREIR AR PASEIL
EE RS . ARSI T AMNERFIREE, PUM Microsoft Concept Graph, Jj&—4> is-a (1) MfE
B, XA, ATAE — R . i o AR AR B, IR
A PAZR oov. ¥/~ model UNE 10,

Encoder-Decoder

E|nput x > BILSTM | encoder state LSTM < y Partial summary
! !

i l h={h;...h;...}

| attention

: L] l i
tt T \ """"""""" i I ““ By
contex
vector Pgen @
’ vocabulary distribution

Final distribution

— DD

Attention distribution

0

o
_atltan @) Baamal (o) saleal

1 2 o o

- E T Concept distribution !
k i

Concept Pointer Generator

¥ 10: Concept Pointer Network

FER— AL AN, — 42 encoder-decoder 343, —/N2 concept pointer generator
T4y . encoder-decoder i 2 pointer-generator, %5728k, concept 4, XTi AMEE—ANEE
xi, ATPAMANESHIR A 3R E)— R PRI concept: C; = {c},cZ, -+, cF}o FHFRASMNBHIH AT A
PRI P (Clas) = {p(c)),p(F), - ,p(cf)} RETRF—A concept IHER. RIGHRYE
context vector hy Fl h; W PASE|—NEFHZ G410 B = softmax (W, [k, k. cl]), RIGH
#| Pt =p(c]) + 4Bl MMETXTE—AMATIE, B MEks, SARE5E g — MR
B . mJEEREHE—F AR IR max Sk3E, —FPE M random Rk, XSG

concept pointer generator H15| A concept .,

6 Countering the Effects of Lead Bias in News Summariza-

tion via Multi-Stage Training and Auxiliary Losses

Kok o RETIMEREH RRKERTAE. BIR lead bias j2—FhIEH B & WEHME, JUHAE
B, (HEH ARG XA, i B X AR & 5 2 - Le BN A AR P e
TEHIREBISR 22 . R BE AT lead bias A1 semantic content selection f8 77, 5t AT DASR fe7-Hb 7 S i A
oL X RESCEE N TR R IR NSRBI T, — AP I (Multi-Stage Training)
T PETEAT L) T g S EISR, ARIGTEIRIGEEEE EIIZE. SeTERLT R & B,
A DA AL U6 — E I N A B RE 7, TR 23 0 MO T3 4% lead (. ) —Fh@H—
P 0% B loss (Auxiliary Losses), FESEERA]THIRIE, % RN S5 FEEAES, &
AL RRS HLE , RIMIEfET, oA mam B, XA EAR RERT [Zhou o al, 2018],
FH SCAA)FFI golden SKAHE—A> rouge #5443, H—fb—D4010, BB TN —A> 70 i ALX A

8



ATTE loss. F AU KB pretrain RUR—M%, A KKIETH, HRSHE. #ibh loss BCERIF. Wik
INEHEZR—F pretrain [, EAHA.

7 An Entity-Driven Framework for Abstractive Summariza-
tion

*kk o FE—FH LA NER ISR AL, Hi4:, PUALARSEER, Bk ER2ILm ik, 4
— i CE, A AR coreference resolution FRGEX SR IAT T IARIEM, KIS HEHFIY
mention fEh—4> cluster. ARXFEREITEEARZH cluster, f/atRHEPTNHINBER (1) SSARAERT
=R BT, (2) top-k MR ZIANIER cluster, SR JGHRIE SCRYFN cluster Feie B E 2 A] 1.

Input Article

Prime Minister Bertie ...
Mr. Ahern and his centrist ...
On Sunday, he said he ...

Political analysts said they ...

1Ll

T S A

Entity Mention Clusters

Prime Minister Bertie Ahern (MENT)
Mr. Ahern (MENT) he (MENT)...

i

|
I

Ireland (MENT) Northern Ire- L
land(MENT) ...

Extracted sentences

Political analysts ... ho
On Sunday, he said ... ] 5 2
Mr. Ahern and his ... ] E hs
3

K| 11: Entity-aware content selector

L2 —A pointer-network, f—PERSG nn RKAGFNFRIR, Kk cluster F5), EFTH
i) mention HfFAFEE] . RIEHA T attention F entity [ attention JeEHUA T, JHEL label
L golden AL rouge 1533, FEIBHUFHIASS, IZh—1 seq2seq Ak MU A U2 . LA mle
WATPASRAL2E ] o X IRSGABAME T HAMR 2, 3 PR — 25 5 A X845

8 Attention Optimization for Abstractive Document Sum-

marization

* kK rov BOTETHELE T— Attention Refinement Unit (ARU) ZH{4- A1 N1 Attention
H*H loss SELAL attention, — 51, fF decoder [%&f—#, il attention T {#i[a)T attned F| &
BRSO, Ji— 5, AEEE attened [W]— M (Fl coverage MM . H S ARU 2
—A1T, MR decoder MHPRZS s, FI4HI attention 311 a; A PATHH]:

ro=0(W!si+ Wl a, +b,) (1)



MRIEIZ 18] DB 5 DA Y attention 2375, X551 A local variance loss S {#if5 attention 477
BN sharp, a2 2E{T hard attention, JRWJEEMHH: attned F|FHS, ANEIAEETE, &0
WOERE . A8 A 2R, A TRREE , LA sharp:

@

Horr o Sehrif i 8, BN TARUER] T AR E12, BRILPASNESR I T—4> Global

Local

St
ARU
I
| II| a o H Variance Loss
il . HH o= [ |

& 12: Attention Refinement Unit+Local Variance Loss

Variance Loss B:1T52, YEH M coverage —3(, coverage Y2 Hi t — 1 IR attention BE1H124
Hi t 19 attention #EfTELEE. Global Variance Loss F3%211%. decoder T t £ — I HK . HIE
52, WA attention RNEH attned —NHLTy, ABA—A(LE atten EHASRAFII max (HH%HA
T2

9i = Z (ay;) — max (a;)

t

1 12
EGZ@Z(Qi—Q)

i=1

g9 FREET A ALER attn (ERFIAFKRERZEE, X1 e 58dr .

9 Text Summarization with Pretrained Encoders

kKo KHTE T KRS Yang Liu fil Mirella Lapata, Yang Liu &2 Hid— T Pre-
train [{) Summarization &3 [Liv, 2019], YEH7EMEGHHE FiAE] T SOTA. XIS MBS
B B EE BERTSUM., FEA 275, 17T Encoder F43HlilZ5id, Decoder ¥4y
BTN, B AR PR E 73314k Encoder #1 Decoder .,

10 Abstract Text Summarization: A Low Resource Chal-

lenge

Jook oo R THLER B H EY back-translation JAAERfEDL. 58 German [ ZALS5. H
O A B Z BRI 2R — D IR 5 S0 model, SR 525 —2831Y) German 58, #2547 19
model A PAAE B IV SR SC, HEAX SERHE AN R ELSE R A R I Zidi 2 model. 4EG6.

10



11 Extractive Summarization of Long Documents by Com-

bining Global and Local Context

*okok o JRfE R AR SRR, JRIE SO 1R SCER Y section FoR, XANFIRZ M —
fit LSTM-Minus #3211, 02 2 REHBAG2IHE > segment 1R, IRHEEJRFR TR
IR G AT 7

12 Deep Reinforcement Learning with Distributional Seman-

tic Rewards for Abstractive Summarization

Kok ool R AR S R 58 AR R BT S5 . ZETH ROUGE fEA reward, {H XY
BUALRZ surface PERL, FrPAE SO T BERTscore fE4 reward, FRhyhsrfiiaih L3 (DSR,
Distributional Semantic Rewards) . {HEMSZIRUREE, FESCEAN SR L, UHAE reward B
[H#45F ROUGE —2 i i A4 I DA,

%75 3CHk
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