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FEHE S (Extractive Summarization ) ZHRFAEEESUAR RIS (E R+ - EHEHBUE
REEZ CANEHE - HF2% (Learning to Rank ) [115 R BN ER R
i WHERNSEHEFEERS 2 o AR > B B SR R —(E RS
I (listwise) H TP @ I — BN EHAEE 2 BYH %A (GAN-based
Listwise Summarizer, GALs) ° GALs D4 Hiddns 2ot » a2 s e R
s o AR AR Y i S B 2B K AR IR L (Surface Features) i A4S #5185
Bete MR EER 0T 20 o R 2R TEURIS Ry (o] GE B F I BT B (B A R 28 -
AL - AWZERTRHZ GALs fte 7 EPIzEE - BIIRFFIRLIS a7 BCRH
RAFFELURGEEEE » 5N —EK B R 750k - Bt > AT MERIR
GALs £ CNN/Daily Mail g5 AR EAHY S AT A BHERY T BEE R - TR
¥ GALs RAIFRE IR 28 i 7 4HEN L OV EBL AT -

BegEEE - FEGUIREE > BEYICEE - AR HTAEES - RIERHE
Abstract

Extractive summarization aims at selecting a set of sentences to form a summary for a given
document. Learning-to-rank is first appeared in the field of information retrieval, and it has
been employed to solve several ranking-based tasks. In this study, we regard the task of

extractive summarization as a listwise sentence ranking problem, and thus a GAN-based
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listwise summarizer (GALSs) is proposed. On top of the generative adversarial network (GAN),
an extractive summarizer is introduced to be the generator, and a discriminator is employed to
distinguish the generated summary from the ground truth. Especially, the input to the
discriminator is a set of surface features, which are extracted from the generated summary and
the ground truth. Finally, GALs can be optimized by leveraging the reinforcement learning
(RL) strategy. The experimental results demonstrate the effectiveness of the proposed
framework on the CNN/Daily Mail corpus. Moreover, we make detailed investigation and

analysis of the parameters used in GALs.
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fHHH %L (Extractive Summarization ) R BRSO R H AR MRV F4H
IS G ] TN EZE SR P RE IR B SR TP B AV AR o ARG EE I AR R
& RIEHECR AT RAVETUER MR E EE - & RSB » 372 077A%H
R EHE AT - RSB RASGIEREIE 7E » BN e REER
APk EE AT ) FAH SRR 2 « (R 2R MRAC AR R B B THYERAE » S BUsH D& U
THAS ARG Ry BB - FE )RR AY - S LLA)F[E]ER (Sentence Regression ) iRy A
SR HARE[2] o MEPNIELLTTALERT 2 BR S CEsg H R - (HEIE L e MR R
N FEEEEEEE ) ~ TUBRME B ) R Ak - T DUE S IR R - DK
WIFE#H 48RS (Pointer Network ) [31554: plfEAYAYREA] - A HUEUHE AT bT 55 P RS
FIh[4] - RHE ST RS A U R SRR R - B AR RE S B B e AT BRI
FrEdfi RV SRS - vl 7 A DI 2R s o AT AEAY R oe - 3PS5
{AISRERZ I A AR Y & =T - BdEE R A (Word Embedding ) [S]18-H 50 #IE0 fEHEA
(Long Short-Term Memory ) [6]% » ¥ SCABL )1 17 HEE DU TS RE TN - 1B
(S A SCA R = ' A B {E 2 R R (Surface Features) -«

HEFPEEE (Learning-to-Rank ) [1]f5% 5 BLEE Y Bt ie 22 I 42 8 I Y SCACHE
Fe o HEOCAFRFRES > 46T — S CRBES (Query) 12 B I/AEHEE SURBER
s WA T HAHE M - AR BN Z S BRSO HrpiR Rz (Pointwise) FPEFFA
B ECCAMIBILHAERIMERT Y - Y0 (Listwise) FERARI—REERTHERY
Ao FAFTREBZR B SORTER > SRR o] B AR B il U e 22 2o s FE AR U
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M N ECCAFR b 7 s El i nE A P U R - 25 RAIH SR
HERPA > TR — BRI B P EE 2 B 51 2 ({# 2275 (GAN-based Listwise Summarizer,
GALs) * FfFIHY AL ZEETER Jun Wang Frfgii 2 IRGAN[7] - IRGAN YA RyE
plas EH A W E D - & B RERE B RMR RN AR SR EE - Hop A Rl eS8 A
BzEfE (B ¢ gAEE) HEORE AR - R TN B A Ehi R AR HI A © AT ES
AT BB SORFR R L A st e B AR R M 04 © FIFEUEE - IRGAN f#E
PAMN R S A R LA R S SRS, ((ERT B R ISR A - (AL » £ GALs Y%
st b oy Ry pleas B HI I Es, - AR piastR A A4 pAR A Ry RO Hy PN AU 225 - H R
pRasEE A Y — AT B B AU > BAPIF R AR R U R AR Es Ay A -
F sy B P R oy BB AU B A plas rE AR VTR 2R - BfR o BB SRS
(Policy Gradient) HY5E{bEEE - GALs @iey 7 RIAIRHE ~ FRRIA R Y AL Bl Es
EHRlEs > DUREESIASE - 77 n] LU — D e A e -

— ~ MBI

£ Pengjie Ren $&HHYEA A0l ER 428~ B %2 0775 [2] » ROUGE-2 [81#1F fy ]
TEEMN S EE - LSRR B TR . - R a8 R Ak a1
LLSHB A SE - Pengjie Ren JE o ELE A 2 PUTHR HF I8 ROUGE-2 [ EA =& HIHE]
M o Ry T DRSO RIE SOV DR A2 5 E - Pengjie Ren [ RAEIECE
BAIELEAR T E ] (Convolutional Attention ) FEHI A AHAD &) 5 FE YA DU -

Yen-Chun Chen [4] WA FHZRERFE > TR RA B ASIEER Y 2519161
ERIHEHI10]HFE$T4EES (Pointer Network ) [3JEERHIZUME > FEST4EES 2 dRtlhas
BB R ) TR A R o DU ) R AR R A ORI AR
SCRHE > TR S s RHE BN P T - U R R TR ) DL R e 22 -

=~ B EE 2 B
(—) &

AT e 2 AN Hi =08 7 #5155 22 % (GAN-based Listwise Summarizer,
GALs) > ARz (HEEUREEES ) B R E8 R R ER 57 BT 4  TEERE)eREs - &
BT RS ERHEE BIEWES R Bl R Al — (i EEURE =
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?ﬂ%EUIEI,%..%ZIE — T FRENAR

o Lk
[mnmm;&g]—» CRANE ——> MRIE e

SERE
( IEBE)

[ — ~ BRI 2 YA REE (GALs) ZIEA ISR A

PEEWI T (BUIEMES RS R pas AR AV 2 ) Rl A5 FI s - DATHRIT =& Ry
SERE (EEL) ~ MEREMEE (BFA) - HHISIERS B T BE -
HARK el B 7 R o Fe B S S Y B B - DU HOE T T R SRS AR FE Y 5 (L 22
B (IR S s AT AR R RS AT (U 2B - QI — P -
(=) Aples
FEAWZEH > FFTBE/ Yen-Chun Chen 7% 2018 ST tH HYELFFE $HAEIES < il Ui 22
a5 [4] > WIE AR o FMTEHAV TGRS o0 Rt as SRS S W B0 - Smilhas &
oG MR FE A FHEE R E Y - DGR ST B A R A 8RR
sj o HEGHRMGMERIL 2 — Y0 T RE s o R AR m R R A
o DIHUS— oI55 & [ (Context-aware ) 2 4] [HIEFRIR by - AR AIHEE A&
FHAGCIREAIFTAH R - WA et astn 2 )7 &8 by DUBSEHE . &7 - fEE(E
IR ¢ REHECEAA & DL —(EF R R i B o) iy e & by, (EREA - I
Wit — 08 z, - z, BeGEECRT AT EE by STRVEEIUHISRIE A E ¢ ©
at = softmax(v/ tanh(Wclh]- + Wczzt) (1)
¢ =XjafWeih (2)

PEER AR A& o BRESORTH AT FER STRIERT] - WHEkRE RAIR R T
EHEETET 1, ) Je-r  BRRHUS & AR REIBHH ) T Z R PUelj 0 e-1) ©
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G DI ( HREEEE)

SR TECER) EETES SCEEET
————— SRS GOk St SR
hy| [ha| |h3| |hef = @ -
O SEIRS
2 A ) [ S S S —
B Yo RIGHADEEE | 1 RIGHAGCIBAREYL
SIEMEIEES § ¥ ¥ o i ¥ ¥
S1 S 53 S4 : o hy hq h3
""" :-..t........f........j.........t... ____________________________"_"__'
L . 5 }1’- ........ - 3
\ 50 [E = / Ayl | a2 | Al | Ala : 1| | |3
A HEXNIEE
& — ~ BT s 4rs 2 U s
of — {VJ tanh(Wplhj + szct), ifj # jp Vk <t 3)
J —00, otherwise
P(¢lj1s s je—1) = softmax(e?) 4)

B DAL - MRS RAE I A T BRI SEEE 2 IF 1R -
(=) Hlpl&s

GALs HYHI Rl E— B AR P EE AN e RIMEARHZ R A&

(Multilayer Perceptron ) [1114HR 2 S HASLEREERI(E Ry H 25 © R — {0 e Sim T &
& T ZAEAT o R BRSBTS AE R Y - 2 (] B AE 2= U R HI Al 25 BA
EE R A —E AT AIBCERREE AT o Ry T (A S5 pe et 5 = EE 2 558 -
AMFIH IR R EU8FR (Recursive Feature Elimination, RFE ) [12] EfiFRA Bt 2 FF
B B PkEEH DU /R

1 TR

REMRNGFEAEZNES - AR ENERETRS - Nt RIHFEE R
FyEE - AR AUE R &) T il RE S R TUBR MR 5 -

2~ EHE

SR YR = E RN RS A S RV EE N - NI AT ORI B B A
RlEsH AL — -
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3~ MBI E

B NE G 2 (6 E YA T TESCR Tz - NIRRT RIE B B R
DISCARRIHEAIE - ST RSB EIF R

4 ~ {ZFiEa e

{# 5 (Stop Words) FEfEsE = i RS (BIATSESCHHY to, the, and F) >
BARE ML ATRA e tb At A TR G E A BB IREE -

S~ PR

a5 (Word Frequency ) BIGaIAE AT HFRAYARAR - B F R eF(d sl 42 SO h By B 52
M - TRt E AT PR A Z R P ENE - PHEERE s i A T e R EE -

6 ~ VAR

SCAHHE (Document Frequency ) HERGEFE—#E(F A » HEH BRI PR ZHBOOR
rhEB R (BISORSRES S ) - RIEEe s DIZe s ) R ZE 20 - IRFETEA T
o BT BRI S N SCAR AR B R Rl > PSR S Y ) T AT RER R EE 22 -
7~ AR
AR Sent2Vec [13] » —Hd 5 NERFLEEREHVIERTE J77% - FHLURB R FIERTER
A FrE (Distributed Representations ) » 4 AE & 7 1 o IS CNN/Daily Mail {Y
3| SREE_L3NI%E 100 4EfY Sent2Vec fEAY > DUAE pIEHE A F-HY AR AR & ©
8 ~ BRIZARDIE
18 RIS R 2 T BRINEE ) - B RIMERE A F-FED N Z A e R D - Z A
R AZZRHRE - FRAET E RS R E A T R e A R AR %A S > AR
R HF- IR NE - B i DS E BT 2 RRHEE A -

(P9) FHAUAHER

FERNSRET - GALs R R plas BLH RIS SO HI R HIARs R E—HSHWME (IEEA)
BAA plas AT A 2 i (BRA) (E Rl A - DUME o BRVEIIeR » A IE S HAHy
SAELZE TRy 1.0 B 0.0 o [N Ryl A Z A Ry —IE—& > WPIFEFEELGHI T X
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f# (Binary Cross-Entropy) - BUERMF &HAZ FHM > BURE IEBAS Z FHM 3 BUF o F)
RILSHIIRAR e E > REIRIR eR BRI TR U B 2B Rl £ 3R (5 Y BB E - (T2
FIN R st R =Ua T REE A R » IS (1A plas B Bl 25 1] RE I =) R T B 2 L
IFE(EES > NHEKRMHRESERRO0 -

Dipss = max(O, SCOTepey — scorepos) (5)

M AE (B AL A B as I - BT & S8 FH AR pi s 78 A i 2% il (1 F ] B ) FEURIT B 3% 93 A
dec > 7y BT P AU — (&) 1-s > WD A7 2 B EIZR (Negative Log-
likelihood ) ¢ EHAHENE (BlIDioss ) 1E Ry AR ERHVIRIR RS -

5
Gloss = Zt_1Es~p(s|dect) [—log p(sldec,)] - Dioss (6)

(H) Fsmiz

B E RS FWMEDNEEET - ASORTEELE ROUGE-L sy 14HAa
R HNSFEE > RIS HGUREE RS - 528 > BPIR e Sk ey B
aafF Ry GALs HYA ks - BEMEIEEHIRIEsH 28 - WA SR A s B llEs - A
HE Rl as i — DB (b - EEfESRE % LIESmR AT ROUGE-1 557 -

U~ HER

(—) CNN/Daily Mail #jig4E

Fo T AR e 2 B i UE s 2 A=A GALs (IR ERGY - e
FeiHE Yen-Chun Chen H3m SZ[41FrkT 2 NG FE AN - EEELHAE CNN/Daily Mail B
FHVEES - EEAESREEIE GALs HYAAE .47 (Baseline System) o By | oo flr SRES A6 AL
SRIFHY N AR E ME BB ARSI > FRIMER Adam (B(L25E2 0.00001 HYEEEA - ik
HOREE R 2.0 o eSS LIRS ROUGE-1 » HEE F4%74 (Early Stopping ) 81
ELERITRINEE - (R — 2 ERGSER T UES] KB ERIEREMEEUR S
Bl I FH ROUGE R4 B A HAREEE - -

(=) FUERBEERTZR

f£ GALs {BABBRIAERE T - MRS REEREE S & ROUGE-1 ~ ROUGE-2 #1
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Fo— » ZFUEALSY CNN/Daily Mail SR8 7 {451

ROUGE-1 ROUGE-2 ROUGE-L
Lead-3 40.34 17.70 36.57
Lead-3 (our implementation) 40.27 17.73 36.48
Baseline System [4] 40.17 18.11 36.41
Baseline System (our implementation) 39.69 17.91 36.01
REFRESH [14] 40.00 18.10 36.60
CRSum [2] 40.52 18.08 36.81
EXTRACT [15] 40.62 18.45 37.14
GALs 40.93 18.51 37.19

R SEEEEE(EGER

ROUGE-1 | ROUGE-2 | ROUGE-L
ROUGE-1 40.93 18.51 37.19

SEIEE ROUGE-2 40.77 18.52 37.07
ROUGE-L 40.48 18.39 36.80

ROUGE-L HYRR&EFEIR » S =FUs 2 IR E « s TR b GALs HYE R
HAIE 5 HI LU EEE S FAY ROUGE-1 ~ ROUGE-2 B ROUGE-L 51 » S HEH: DL H
B E AT (Early Stopping ) BLEZEAGERINIEHE - 7EE 5SS CNN/Daily Mail #i%
FEZHERER (RERT) » 2% ROUGE-1 RE AR (EAY 428 ROUGE R4
(=) BV FEE

7 CNN/Daily Mail #iEHEF - REECCANSEHE LB E T =204 » B Yen-
Chun Chen 3 E fl B 223 B E M EUET = A58 » DARUS- S AR R - Bl
ZHREMAG B GALs AUE 2SS b > AR EEREE b (AR
=) o R E R S [ E AR FE AT AR S e R 2 HE(L - sEKIETR A4
A a0 RI - ML RFERERERP ARV SOR » 2Bt i U (E )
TFATAHAY - EFRATRHME . 55 MU B 28 A AT e A B LAV gt » gE(Hfh H U 228
B SOR A R E 2 [EIRE TN S SRS B = s e

PR i

HAP IR H R R R R B A SRRl - $2HH GALs » BU s 2 55|
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R= - BLABEHEEER

[ RGEIL ROUGE-1 ROUGE-2 ROUGE-L
3 39.97 17.98 36.34
4 40.34 18.26 36.69
5 40.55 18.39 36.89
6 40.48 18.39 36.80
7 40.40 18.33 36.72

A EL - ST TR T U S Es O e B 70k - AR G R R TR
ZIRFERTFREEE 2047 - BffPriR ~ GALs /£ CNN/Daily Mail g B2 A ik HU =L
EEAREGRE > ArA ROUGE [REG EEGHIRIVIER - 5&i% > FIMTH GALs AT
A2 BB > ETTUIE R L AT FE LUB RSN ERHe R Z e M seat#Y
GALs » {E(BA Bl AU SR A e PR AR R ELRKAE -

e
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