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Abstract: In today’s society where the enormous amount of documents are overflowing, it is expected that
the query-focused text summarization, which generates summaries focusing on the given specific queries, will
be more important. In the automatic summarization methods based on the deep neural model, Long-Short
Term Memory (LSTM) which enables long-term information storage is essential. However, Koehn et al.
report that the translation quality is degraded in the encoding of texts longer than 60 tokens entered into the
LSTM. Even in the summarization task, it is considered to be a problem that the encoding of a long sentence
fails, as a factor that greatly deteriorates the quality of the summary result. In this paper, we propose a
method to generate a summary by introducing a sentence unit vector in addition to the word unit vector
of the original document. We aim to generate summaries considering the importance degree of a sentence
unit and the relations between sentences, by learning both the attention mechanism of word unit and the
attention mechanism of sentence unit. From the experiment by ROUGE metrics of the latest query-focused
summarization model and the model expanded by the proposed method, it was confirmed that ROUGE score
improved by the proposed method even in the data set with the original document consisting of many tokens.

Keywords: query-focused summarization, abstractive summarization, sentence encoder, attention mecha-
nism, natural language processing

1
a)

b)
c)

©

SO SRR B SR e R 1. LIS

Division of Frontier Informatics, Kyoto Sangyo University,

Kyoto, 603-8555 Japan 3 7 W, FE A
Hite, WA 2 IR BHA T V) 252y X A28 =%y OB ZFERIZE b 72 TFANR,
Presently with JR WEST IT Solutions Company B, R, BhEO XD 725—9'154%157‘ =L, wER
11658047@Qcc.kyoto-su.ac.jp Vo 75— bW LTI N TV, EEB: T
tagami@j-wits.co.jp R ‘
miya@cc.kyoto-su.ac.jp VY NT =5 OfEIE, 2020 FI2IEF 40 € ZNA ML

2019 Information Processing Society of Japan 66



IEHRNIPFSH/YEE T —2~N—Z Vol.12 No.4 66-79 (Oct. 2019)

KELEHEINTWE, Zok)RERET— 5D
5B REMD A 2, WET L, $XTOT—512
HZETOEHENTEI RV, 20720, MRI VUL
Za—AREY—E AT, FEXOEHTHAL A=y b
RV = FXERMET 2 e0%w. Dhosasrs, 52
LN EL B TENT AL S AT #HENT
Wh.

JE7 ) FRMICEER (Generic summarization) 1%, $F
EDOBREZRELZVHBENTH L. ZTHITHIZ, JE
LOME RIS 2EHOL 2 HWE L TWwWaE., —7,
7 T FRMSCEER (Query-focused summarization) (&,
I—HFroh2oN7 Z)WIRT, HAREEDOBITIC
BoBEHOR I HNE LTWwa, JE7 ) FRm %
Fld, LT 2NE 2B LT IZENT 2LEDPDH
5. FDTDFATHZETIE, WHIBE L OEE VA HELR
CH, JEME, ERTEADIZERS/YTOENTE . 72
Lz, BhoxRe 7L - A e flAEbE TEH T
AT, FEILOCIRERGC & B il 2 K3
DX %, X OGEHEEICBE T 5 T 2iHHL T
Wb, =), 7TVRAEENE, 2-¥rh5Res
DG U TEMIZED 2R ELOMEBIILNL T 5. D7
O, INFTRESNLFLETE, 72 LEXOEXLD
B2 TF-IDF 2 I X YV EAFIT 52 LT, EHO
Bt & % ZEZEL AL Tn A,

VL4, Rush & [2] 2R E L 72 E € 7V HED ARl
DI ) FRINENI P —EDORI 2 WD 722 LT, AKHl
DHEBLEEIE L VFERIHEIN TS, ZOETV
I, Sequence to Sequence [3] & v 9 HEMEIFRIC BV TIRSE
SN E TR (4] 22 T 5. EEHERE oM
ALY, ANESNIFELPOEKE =7 P OEEER, 7
I-FTLICHEHFLEHEMNTE L, £/, 7 VRN
WEEA T, Nema b [5] 25RE €T IWVITHED < ENRA
® Encoder-Decoder ET NV EIRELTWVE, TOETI
Tid, ANOFEILOLEHGENZ PVIZNRZT, ADs7 *
JICHEEERHE AL LT, FAT Y TICBITAEE
X)) RIS ETWE, £/, ML7L—X%
e LHJI9 A Recurrent Neural Network (RNN)
HOMBEE RIS L7012, FEBEICL > TERSIS
R PVD, FEAT v 7BV TN— FEiEY 7 MCHE
LD E)ERSTHFEEREL TS,

FEETIVICEDS AR o BEEYTETIE, B
1 72 TE R OFLIE AT HE & % % Long-Short Term Memory
(LSTM) &, RNN CTILYa2— RFL7Z&AT v 7ONY b
VP BRFED AT v 7OEEMZ W HE L § 5 EEEM K
eV, L2 LEIIRY A7 DFEERIZBNT, 60 b—2 ~

LOREA | T 26 AR IEBGEME O | ICT OMELAMRT Y v 7
T — 5 DR - il - B, http://www.soumu.go.jp/
johotsusintokei/whitepaper/ja/h26/html/nc131110.html

© 2019 Information Processing Society of Japan

IV HEVTEEZ LSTM Ty a— FLALAICERO MW
BT 35 L Koehn 6 [1] IFHE L Tw5b, Bl XS
IZBWTh, EXorrya— FykiLzY, SXOBERED
HEEFIERILAZDVTAEI LI, ENEREOREEAE
CIETESE2ERE LCHETHLEEZLNSL., £2T
Teald, FOLOHGEHRALONRY M VIZHIZ, O SCHALO
N7 MNVEBALCENERTFEERET S, £/, HE
BT OFEERR & LA O EEE L A bE THE &
52 LT, XHMOEEE L XMOBEREY ZE L%
KAEREHIET., SHCX) b—=2 YED L VE AT
ENTHETY, WETHFIDEEICEH L s Nn 5,
FEBRTIE, ®HO 7 ) IRIABERE T VISCHEA RS b
VOB Z BN 2B ETVICOWTHRAEL, X7+
WO SN LB 2 5B LT 5.
KEEOWRIILTOLEB) THAH, 28 CTHMENIEIZD
WTHRN, 3ETARETFT VDY A7 ZERf LT 5. 48T
N=R L DD 7 LY RIAZEH T OV TR, 55
TREFEOHMWE VAT AHICOW TR T 2. 6%
THEBREZEZIIOVWTIRRD, B2, 7EThim & i
NN

2. FBEEME

1950 SEACEE ISR E o - B CHFEHOMZRIE, L
RALHNL LAERE L2 EHE LT T4 Luhn 5 [6]
PIRZE LB O FES TR & o Tz, Eh D,
EEHMB AR SN TB Y, FCHh o BIEE DS
WEERE (6], COMERER (7], B0 X 2FEH»D
T REEHVIHIE TR RESN TS, 2
WNC, WU ORERM E L2 e b v, i
L7-BEEL 2T 53R [8] & ShAICHIZES LT W
7o FAUESMEE, BESCHh SHESUBTR 2 BB L, EEL
TN B 2 BEECHEUEEICB I 2 K LEOERE
ToI, ANELLEHZRAND $5Z L TEHINTVS,

2000 FAL W HI 1213, Text Summarization Evaluation
(SUMMAQ)*2 &\ 9) 413 T O H B SCE S OFFHfiR 7 — 2
Toa vy THBME SN, FEiVv T, Document Understanding
Conference (DUC)*3%, FEIGHAZEAT (NID *425%F
9% NTCIR ® % A2 & LT Text Summarization Chal-
lenge (TSC)*>2SPfe & 722 & T, £ DELEZDER
DT =%ty MPEfFEINI. FITE D e, FEWEE
2 & o TEIEL 2 2007858 L 72, #8408 =
Wz (9], [10] THE, ShFE ToRfgE L RIS HEEO I

*2. TIPSTER Text Summarization Evaluation Conference

(SUMMAC) Overview, http://www-nlpir.nist.gov/related_
projects/tipster_summac/

Document Understanding Conferences, http://duc.nist.gov
National Institute of Informatics, http://www.nii.ac.jp/
Text Summarization Challenge Home Page, http://Ir-www.
pi.titech.ac.jp/tsc/

*3
*4
*5

67



IEHRNIPFSH/YEE T —2~N—Z Vol.12 No.4 66-79 (Oct. 2019)

HUHEE SN Z, N-gram 7 &% &% X0 =L L, support
vector machine (SVM) % Hidden Markov Model (HMM)
EVSZETVENWTELOEEEZHEL TV 5.

HAETIE, BRI L BRMEIER O 73 B CH &2 I 72,
EEFEHICL D HHENN S LA I N TS, 22
Tld, AWz EET 2 [LosmEE], [xrra—%
CHEERBEMAG DY CEEN], [ — MR LA
GhEEERE], BLU, EREPEICLS 7 TR
LHRERH] IZOWTIHRRD,

JE4FE, Word2Vec [11] DIBLT, REFE I & 2 BFED S
HEBUCH D T O HEBRF E LA I N T S,
Paragraph Vector [12] 1, ¥RIEEIZ L 2 XD HFEHD
RO FHED 1 OTH L. TOFHETIE, Word2Vec O
CBOW & Skip-gram O 22L& ik L 72 2 TR O
e LB DS S 7z, FERIC Kiros 513, Skip-gram %
B L%z L¥E OF:Th S Skip-Thought [13]
FRELTVWS, ZOFFEEIya—FLEmBAOL
2o, m+1HFEHOLEm—-1FHOXEZIELL Pl S
HILTLLyA—FRFETL.

Hliid ) FEOFETIE, CHOBERY S LD
D5 % BHg L 72 InferSent [14] 25 E SN TW 5D, &
BREEFERO T =% £y M2 W TS OMRD 3E5H Y
A7 BT 5 2 & T, Skip-thought & FIZEDREETH Y
IS5, FET =y L EEM AT S Z L ITR L 7.
—7J7C, InferSent OHJES & LT, 7—% -ty hDOREED
IXMECEDSHITHNAS. Nie b1E, #%ai~—7Fill
L) HEIICHEE SN Ty PEAWAL I LT
i B DD B 2 78 5 DisSent [15] Z g% L
oo EER - AR LORYDICEDE T — 8 by PO
ENB2O, T=F1y VR FRTLHE L LFE L
LT, =7y bEKo 72O )PURRIC % 5 &
HLTWS,

InferSent X° DisSent & LT, 77— % v b OREE
BEHTH 5720, KIEEFIT Skip-Thought % LT >
I—-FE LTERLA, FREOT—5+1y N TH
% Wikipedia, 8 & 0¥, Debatepedia I21%, &= BRH®
Y= AL S VR A BLOBRPFET A L 5T
A, BEOLMOMBROATELT— 5y MPEHEIG
T» 5 InferSent % DisSent £ 0, T _XCTOMEHO L% 5
BRR & % Skip-Thought 75, ABfED LTy a—5 &
LCTL#ECTHLEEZT.

WX ra—F EFEERELMAG DY HEICEEN
DGR S T b, Tan 5 [16] 1%, FXOEEL
AT A DIC, I IR CEREEEYEAL
Hierarchical encoder—decoder % $¢%% L T\ 4. Hierarchi-
cal encoder—decoder [17] 1&, L% HEEHAL & SCHAZO 2
BT ya—-F L, 72— FRICIZEHOLHATT
I— FL7ZRRIC, HEUXRNT MU LEFEE T2 - N5

© 2019 Information Processing Society of Japan

encoder—decoder Th 5. F72Li 6 [18] 1F, 2 DGR
BEP Y IE % L AR A 72 encoder—decoder R L TW 5.
EHRINE, CHM Ty I— FENERZ P LA LR
BRERTHIGT 27— MEEE, YT 1 v 7SN
N7 MU SEEDNRY MV ERIAT HIEEREIC L 5T
FEHEND. Zhou 5 [19] 1, BiGRU T a— KL/
HEENZ MVEINRZ M VIZESWTT T4 v 7 F 5
encoder—decoder #HEHE L TW5,

ANLEEZLXRT PVOATI A~ T 5 Tan 5%
Li 5OFHER, b—27 YEOLSVELITHWE T VO
EMHIFEEND., —H, BETEL Zhou L OFLE LR,
D, HEEHBMOBELEZ 72— NIHWEW20, RIXOE

EEREL ) WRENEL IR ELIONL. T,
Zhou 5 DT # &L I NS OEEAFETHETIE, FHaisE s
T\ LSTM % Gated Recurrent Units (GRU) % X
I a—FrLTHWwWTWS, —F, BEFHETIIHEFF
Bl rya—F2Hnbhzd, XOBER L) ES 2,
LOSBEREIED L BRI NS,

EEEHEICy - ME A GbETHEEIINET
IZHAFFEENT WA, Xu b [20] 1, W OFESTER O
WMFRIZBWT, 77y a VERETEK LN M LE
F—MEBICE o TS HITMATLFEEREL TV,
Dhingra 5 [21] 13, XHF L7 VD2 ANING526N05 %
AZIZBWT, 7T)XR7 M LEMSNAHEIZL T
WEXZ MVOT T v arxEkT A Gated-Attention
Module & W BEHEZIREL TW5H. 727 L, ZOTFHIC
BT/ ) PLEHR SN L 2HIL0.0~1.0 Tk
B2, BRI — MR s s v ngiiw,

INHLDOFEIHT L, KREFEFED 1 2THS Adaptive
Attention Mechanism (&, AJJOEEZRKHT L7 bV
WS AD, FRELT T3y ENLNRT FVEM
M 20%, Y= MEBICLVETa—- P27y 7I2Bw
THEICMIZHET 2 CThH b, TOFHEICLY, ETL
73— FOIRWICIE U CATIOEERE ST 220, AT
DEER =7 VIEET ALY D 02 #IDICY) Bz
LIENTELLEWFEEINS.

7 ) FRIMERIZ BT A Al OMfZE & LT, Yousefiazar
5 [22] I, Ensemble Noisy Auto-Encoder (ENAE) &\»
)BT BEH TR A REL TV A, tfHdf & & TH 2
BNDANFHII D 2L RIRRT 572012, £ED
JRHT R OFH E AT VT LR ) A XG0 5
Auto-Encoder E7 NV &R E L TWwb. F72 Cao 5 (23]
1, LERLLEY T AV D70 OEBFE L EEE
MR LZFEZREL VS, ESIEEETDOT ¥ 714
JiZBnT, 7Y EERICLE T v offiF ey T oA
BHEWEICX DT Y /A LTS T LR ERL, £
NOEZFAKFICEE LT Y 7RITETVEREL TN,

7 TV IRMEMICBT 2 ERBOW7E L LT, Kiddon

68



IEHRNIPFSH/YEE T —2~N—Z Vol.12 No.4 66-79 (Oct. 2019)

5 [24] 1, 52 HNFEEL LB X M A SEEIL Y E
% HBERT 5 Neural Checklist Models # 3£ L T\ A,
COEFNCTIE, HHTHL Y EDRBNEIC—ETEZ#H
7o B 72012, X7 VIR ENBE4 % 73— N
DATNIMAZ B TFHEERELTCWD. T2ETIVONERD
Checklist 12 & > T, 52 S5N7z88) 2 b Offi R % 5
HLTwa, Nema b [5] 1, #EETIVIZHED EER
D7 ) FRIMCEER O Encoder—Decoder £ 7V & $E 4
LTWwWa., ZOEFILVTIE, ANOBELOZHENS MV
A Tr ) IChEEREL VLT, £73—F
ATy TIBITAIERL 7 ) # B JICKLESET W5,
T2, MU7L—X%#EDRE LK 5 RNN OHEZ
Bt 272012, FEBEICL > TERENBE LD Y T
FARMRY MUH, BFI—=FAT v FIZBVWTHEHKLT S
I ERS HFEEREL TV D,

3. RIENOERE

CCTRZ I VIRBENIN G LT B8 AT 2 ERT 5.

T, 7T URAIERY S A7 DAL, —HRISRD 2D
MO ENSL, V=2t DY =T UV APBERENS
Focd et =ttt BIY, b—svtoy—0
YAPSHERENL 7 L) q=1{t5,....t] THLH. 2
T, HXdi31 U E2EOXOEERTHD. T2 h—
7Yt HERHAL, SCFHAL, 7T — FEALO WS
NhxrHCD L% v., KT, t—2 vt L LTH
SEHAT AR L7z, FOD =27 U tid, t e RM EEE
5. 22T, 6 TERBTHA.

RICABEEFTVTIE, TNHIZMA T3 DOD AT
ELTRDOD1ID%EEFRT S, LsDY =7 VAL
W ENBIFIL doentence = sf,sd,...s] ThbH. TIT,
Sm lE 1L XLDOAPLHEENE, V=7 tDY—F VA
Sm = H 57t Th .

BI212, HOERD 1 ODOBRENL, =22 tD
V= VARSI EN DR 0 = 19,15, 1) ThHD.
FETIVOMINER % osvstem | IEfRER % oreference L
5.

Dlzasgz, 72VRNERENZLDTO L) 108
5. b= 8l I, ORXdE, b= Y,
D7) g zoniztEx KXd EDEN =7 %
losystem (< 1g) CHERL S, 7 T qIZDOWTER L7A-3E
osvstem IR H 2 L,

4. Diversity driven Attention Model

Z ZTlE, Nema 525 { DH$E% L 72 Diversity driven
Attention Model [5] @9 &, FelZHEEDTE 572 SDy 12
DWTHHT 5.

Diversity driven Attention Model #[& 1 |Z/”3. 2O
TV, BLE 7 ) BRI BVAEIRY S 2D

© 2019 Information Processing Society of Japan

(——— Document Encoder —— Document context vector
i

S
QO Diversity Cell

Kyoto  []

) S Summary Decoder
officially

Kyoto K)ato's suIm:Tr El

City

the

centuries

O

O
-0
over  []
O

O

O

Diversity vector

Query context vector X
Query Attention

o O

Kyoto  Geography

J

Query Encoder

1 Diversity driven Attention Model. 2 2D Ly I2—% B X

U, ZNEFNOREHKREL, 150573 —%, BLU, 12

@ Diversity Cell 25K S N5, BT I—FAT v 7
k—1%#3L, FRETI-FAT v 7Tk 2 E£HT2
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N7 MV ANEWT B, ZORIIZL Y, Word Rep-
resentation DA TILE H 25 T LVHETHL b—2
YONEFBREOERE, FBNR7 MV R & LCTERAT
HZENHEEE 7 5. [AKEIZ, Sentence Representation
DFFEICL o Ty a— FENLHAOREE~NZ b
eh® =ehi,... ehy,,...,ehj 122V, 4 3L DGR
BzE %ﬁwéwfi&< RNN %l L TR 27 by
he, ~NERT HRELEZ T, ZORBIZEY, XONER
DEOBRAIFMANY MV RS, & LTERHTE L Z LD
Fans., ZZTRREFETE, XHMOZ Y a—%
Td % Sentence Encoder 3 AT AL, O a— 44,
RNN & L TH 51 Gated Recurrent Units (BiGRU) %
BIRL, RO X HIZFRKT.
T = GRUG(},y,ehy,), (20)
T B oo, (21)
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ST, b 1 0 RTEOUMAL PV ThH D,

5.3 Sentence Attention Mechanism

COBEOHENE, T a— FENEEHANZ ML A2,
NDEILyA—=FKATy T m»b, 72— FA7v 7T kI
BOWTEELLIYI— FAT Y TIZOWTNEEY % & o
72, AVTFAIMRT Mls, xERTAHZETHDH., T
I=FAT YT kDAY TFAIRZ Mg iE, KOR
THEH SN,

az,m = Uztanh(WShZ—l + Ushfn)7 (23)
o = i) (24
D =1 XP(} 1)
ls
S = Z QT (25)
m=1

ZZTC, W, e Rix% U, e RO7%07 4. e RO7, s 1357
RICDFNR 7 PV TH 5.

5.4 Adaptive Attention Mechanism

COEBOKENL, T2 FATy T EIZBVT, b
L3V TF AN MLy, € RO @IS %72
OIZ, 77— MERIC L o THIE S N7z T BV oy, &R
THLIEThHA, TZTu i3, dy, qn, BLY, s, D)
L, WINPOI Y TFAIMRY MVERT, 7a—-FA
Tk OGN I T XA RN VG 1, RO
THII SN,

gate, = U(Wgatee(tzfl) + Ugatehz—l + Zgatevk): (26)
Oy, = gatey, © v + (1 — gatex) © hy , (27)

::/va Wgate
Thab. Tz, by &, AVIC
N7 FVTHb.

= Rég Xéz Ugat c R(SSX(SS’ Zgate c R58X58

BUBRMEAT v 71, DFFH

5.5 REFEICLZIEEFEDILE

PFRETHC & o THHE &7z Diversity driven Attention
Model %X 2 1Z/R7.

7 TURIMER T, 72D G- 7Bl ER T 20
BB L0, FLDOKEN—7 VR LOEEEIT 7 T2
e LT LT 5. FD728 Nema S5DOTHETIE, 72U D
AVFFAMY Mg DI TC, HEHREMOI Y7 F
A NN NV dy BRESND, CHMOFE L ENZ DR
FFHETIE, 72)PSELO%K N2 Y OEBEE R IE
T4 70t At ¢ o L TEM T v T F A
N7 MV s, RERL, sp 0L Td, 24K TAZE
T, X EIR L 72 ZTCICER 2 AT A A OER
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: -l
- = R
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. D ::’: ARREREE LR Adaptive Query Attention
8
n2 I
’ Many [] Z
foreign D g
O
o ad
centuries [] Query context vector K .
— yoto  Geography
. |:| | J

Query Encoder

2 RFEFFEICL o THLk & L7z Diversity driven Attention
Model. 3 DD LYy a—%, BXU, LTI D Adaptive
Attention Mechanism, 1 2O732—%, BXU, 1 20 Di-
versity Cell 226 SN L. WfHIETa—FA7y 7 k-1
RERHL, EREITI-FATy Tk 2KHT2

Fig. 2 Proposed model is composed of the query encoder, the

sentence encoder, the document encoder, the adaptive
attention mechanism of each encoder, the summary de-
coder, and, the diversity cell. The broken line represents
the processing at the decoding step k — 1, and the solid

line represents the processing at the decoding step k.

BT O AL ) EVEFTVORELHIE L. 2T
7Ta— FAT v 7 kB 5 3CHAOFEREL, X (23)
z»%f@s)« DToRICEHEL, BATHZE L L.
FERRIC, HERHRAOEEREE, X (6) 255K (29) ~
THEHS LI L L.

Ao = v:tanh(WShZ,l + Ushy, + Zyqr), (28)

az,i = v  tanh(Wah$_, + Ughl + Z,sy,). (29)

F 72 5.4 i THRE L7 Adaptive Attention Mechanism
WA, TR OTEEREZ, 2 (28) 2255 (30)
~, BRI, HERHEAMOEERME 2, X (29) 2255 (31)

~, U\TO)JC EHTHI L LT

a3, = v tanh(Whg_y + Ushs, + ZyGr), (30)
ag; = vg tanh(Wah§_y + Uah{ + Z,3). (31)
6. EE

REBOHMIZ, BETETHLINNZ MVEEE L
BEVERET IV &, N=AF A LB DHULNT FILVaEHW
HWERAENE T IVOZFNENSE T LB & R, b
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BT 5ZET, WUN7 MVOBEADHT LB 272
HEIOVWTHLNIITLILETHS.

FEEIZ, Adaptive Attention Mechanism DX 12D
THHLPIZT 5720 Adaptive Attention Mechanism
DA% HEETIVIZ Abt IZOWVWTHERT L.

FTVER 1T, EKET )I/“C“)ﬂ \» 5 1172 Debatepedia

— ¥ty MIHTBEETIVOMWREZ LT 5. RIZHE
B2 T, B M= VM LD KEV Wikipedia 77— %
v MIT 2 EETVOBREEL KT 5.

6.1 XEX1: Debatepedia 7 —%t v MIH |} 2EER
6.1.1 KT

WBETVE LTLETHHL-ET VAW, RE
FHEOETFNVELT, MEET VI I—FDAhEE
AL7ZET I, BLU, HEETIVIZ Adaptive Attention
Mechanism DA% EA L72FE TV 2 # w7z, T72, g
ETIVICL L I — % L Adaptive Attention Mechanism
DOWHEBEALZET IV 3 OI|ETHEE LTHW .
FEBET— % £ LT, Nema 5 [5] %% Debatepedia *6 2> & f#
HL-13 573 DT =%y PRV, I =Ny T
X116, 32, BLU, 64 O 3HHEIZOWT, 10 KEMGEIC
ORI L7-. 72721, Nema 5 DFEEETIE, €T
WAND T — & DT L &47 9 B, Word Representation
MW =27 YO ANIEEZIC X I — 7 EHH 15
FCHR SN TV 525, KROERTIE, L) AFRE
Bl 5720122 0#imid o Ty, 72, Nema b
DFEEETHWS N ROUGE DR EDFHEMAHR TE X
Molzlzo, AT, LDIAHAVSMTWS DUC2004
Task2 ® ROUGE /89 A — ¥ #HWhp T Lk L7z, &5
IZ, Nema 5 DOFEFRTOFERZERMIL, £ 220 Hik#EL AT
%5 FEAD GloVe 2 HIER STV 525, £ 10 58EM
EDIFT— %, MiLT—%, TA N TF—=ZIZBWT 1 [0
DLEFIH S N7clso A a it 45 2 & T, F¥ 37,000 7
ICHIN SN TV D, —F, KIGOFEBRTOERZERIL
LR E T 5720, B 5D L English Wikipedia
DHNHFE LI 13 TifEEEZDTETH TV 5

6.1.2 77—ty b

Debatepedia (&, BEZZEEORBE & E(ﬁiﬁ@zl-‘
LE, ENTNOERHIPERI LOOEN TV EETmD
y?*%v%ﬁﬂ%@ﬁ%%.itl@?*&%vh@
Bk, &, BB, O, B, RELRED3 AT I BE
tr, 663 FOF N OHHEIN TS, =% Ly D

*6 Welcome to Debatepedia! - Debatepedia, the Wikipedia of

Debates, http://www.debatepedia.org/en/index.php/
Welcome_to_Debatepedia%21

DiverstiyBased AttentionMechanism/data at master
PrekshaNema25/DiverstiyBased AttentionMechanism,
https://github.com/PrekshaNema25/

DiverstiyBased AttentionMechanism /tree/master/data

*7
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BRI F R 5ROFE

F=%1%, (D,Q,S8) % FVERTHR S, DIIKE
%@Ki,QiDgﬂmLtﬁﬁk&éli,SuQK
AT HEHLE > T V5,

6.1.3 ETILOREEFEDFM

AREBRCTHOWIREFEDOET VL (XL a—F DA
EA), 72 (Adaptive Attention Mechanism 0 &
A), BTNV 3 (MREFHEEZEA), BLUY, kBEET NV
DEINT A= FIZDNWTHEND,

¥ 9, fine tuning D5 TH 5 Word Representation 3
& UF Sentence Representation (2 2WTHHT 4. %%?
)V CHki LTV 72 Skip-gram 1%, English Wikipedia *®
ERLF LR LE LTHEAIFHE L. FuirE T, ijﬁ
BUEAS 20 DL RO HEELZFER L LCHRAL, FEEORTEY
131,718, HFEHWDIAANZ MVORICE 128 £ L7z, [
Bz, 7V, BLU, £V 3 THW Skip-Thought
122V T b English Wikipedia D& H 12 & » THur#=H
L7z,

Document Encoder D fEiLE DRIC, SiEEMEM ORI
J& DX, B LU, Summary Decoder O fEALIE DRIC %
128 & L7z F7ARFETFETH 72, Skip-Thought DX IG
¥, BLU, Sentence Encoder DXICE % 256 & L7-.

FATIIIE T A HET IV A ZEIT, {FET VIl
FE: & LT Adam [26] (o« = 0.0004, B; = 0.9, B2 = 0.999,
eps =1078) ZH\vy, 2 7% 1, Epoch 50 THH L, Fif
MTICE DT A=y OFH L.

E TNV OES|ZIE, Chainer ™ [27], B L ¥, Chain-
erMN *10 (28] & F{\ 7=, F 72l ¥ #— & L C, The Stan-
ford CoreNLP [29] %& H\»7z.

6.1.4 fER

FBETIVIZOWT, BEHET VO L2 ER L IERE
FMOFBHFNR—- 20D ROUGE-N[30] (N=1,2) BX
ROUGE-L (2L DEHii L7z, FFliEY 2 — & LT, 24
T A 7 1) T 5 pythonrouge * & vy, 7 3~
(Z DUC 2004 @ Task2 D&% @A L7z, EBEHRE

£ 1R,
6.1.5 EE

F1LY, WRFELER, Xxra—FOAhEEAL
72ET NV 1 O% ROUGE OfEDS 1015 2 L %R T & 5.
—7J5, Adaptive Attention Mechanism %3 A L72E 7L 2

*8  Wikipedia, the free encyclopedia, https://en.wikipedia.org/

wiki/Main_Page

Chainer: A flexible framework for neural networks,

https://chainer.org/

*10 ChainerMN: Scalable distributed deep learning with

Chainer, https://github.com/chainer/chainermn

tagucci/pythonrouge: Python wrapper for evaluating sum-

marization quality by ROUGE package, https://github.com/

tagucci/pythonrouge

*12 An Introduction to DUC 2004 Intrinsic Evaluation of
Generic New Text Summarization Systems, https://duc.nist.
gov/pubs/2004slides/duc2004.intro.pdf

*9

*11
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% 1 Debatepedia 77— % & v MIxT 5Tk L LRETHEO
ROUGE 12 & A lt#. KXFOMEIE, KNy F9 A4 ZIIBIT
AR RY

Table 1 Comparison between the models by ROUGE metrics

for Debatepedia data set. The boldface indicates the

maximum value in each mini-batch size.

ETIVE I=/2vv7F | ROUGE-1 ROUGE-2 ROUGE-L
16 18.75 5.17 17.50
eI 32 16.24 3.65 15.02
64 16.21 3.88 15.01
16 18.99 5.40 17.77
TV 1 32 16.39 3.93 15.21
64 16.37 4.05 15.21
16 16.75 4.33 15.58
ETI 2 32 14.47 3.12 13.38
64 12.61 2.20 11.60
16 16.13 4.06 15.03
ETIIV 3 32 14.76 3.25 13.65
64 13.25 2.67 12.30

1, BETEL D 5% ROUGE OEMMEL o7z, F72,
ETN2ICLL A= DEALIZETIVI T, 3T
® ROUGE DETIZ R\ b DD —E e R TE 5. L
FORERNS, LTy a—FOEAIIZL Y % ROUGE Ol
WM ET AL RMERTE, T2, HEI=NyFH A X
BOLENS, I =Ny FOF A ZHP/NEL B BIZONT
MEREDSI B3 A A H 5 2 & RRERR T E /2.

—0, EBRICARSNENEMHRLI-E S, FIR
s PICHEE LR VERS LU =2 v %, B
FELTERLLT VI ERNTRTOETVIZB TR
iz, EBRICHWT =4ty MIOWTHERLZE 2

A, TOT—=8 1y NEMHBETLEE, 75 E2EHRT LT
BE LT, B BLUY, 7)) OIEICOWT, HiE
HOAARIC ECTHEEAS VB O BEENER SN TV D 2

EPHIBHLZ, ShICEY, —Ho7r—412B8nwT, K,
7IY), BLY, ZEHOZENETNOMT, BEWSELZD
NTnWbZExRERL .

Z T4, BRAEMGEOFHI T — % 205, FLR TR
BWoOBEWE NFCHALT -4 222 10 132,
1100 R YN4E L, gold standard & L CTHr 7z IEfF 77—
& L7, gold standard |2 & % FHlif5 R ICOWTER 2 12
RY. K2 XY, BAEME MR L7 gold standard (2B
TH, ETNV1 D% ROUGE D IRAK L 7 5 T & &R
T&E7 RIS, BTV 2Ly a—FOBEALLZET
V3 TlE, % ROUGE OIEA Y L7z 2 & 2R TE 7.

6.2 EB 2 Wikipedia 7 —%2t v MIH T2 EER
6.2.1 T

FEER7— % £ LT, English Wikipedia, 3 & U, Simple
English Wikipedia 7 5 f§5E L 72 41,989 fO7— % & v b
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xr 2 ATFTEINESNI gold standard FHHi7— % 12k %, L

T & BRETFHEO ROUGE 12 X 5 i
Table 2 Comparison between the models by ROUGE metrics
for the gold standard test data which were manually

selected from Debatepedia data set.

E7 V%4 | ROUGE-1 ROUGE-2 ROUGE-L
i S 18.60 5.25 17.23
ETNV1 18.72 5.30 17.59
ETN 2 16.35 4.14 14.85
ETN 3 16.90 4.21 15.45

AV, A=V F7 7 MEIEIC L )RR A i L 72,
6.2.2 F—&tv bk
FHOHE2GOEN I AIZOTF -ty ME,
DEWEIZWEZ R [31]. ZD70FK41E, Wikipedia &
Simple English Wikipedia*13% fivC, HHEHOT7—% £ v
k% fER L7z, Simple English Wikipedia (%, Wikipedia
DHFEMTH Y, ERIICN =T v 7 HFEE AT X)L -
A7)y Y2 TRtk SN LR EgiL SNy = 7H
BHEmThHs. ERLT—% 1y vhoF—513, (D,
Q, S) ¥ TNVEXTHEENSL, 22T, Dehbby
A NIV Z$D Wikipedia 1 2055, Q % D A $ 5
Simple English Wikipedia D& 5+t 7 >3 > D% A b,
S % Q \ZAE$ % Simple English Wikipedia @ 33 & 9
LH, k7 aroyAL VIR, RO avHY
HEO & A MV OfBIZ, Wikipedia it F O REEE 2R -
72, T arvOBERLIA MVITRTCEEDL. 72
& 21X, » % Simple English Wikipedia 7055 O B g 1 &
A, MO, S [FifE s 4 MV : Person Name/t
7 23 v o Abstract/* 7 ¥ 3 ¥ [ Personal life/H 7t 7
2 3 v o Education] & 7o TWAEA, WEDOL7 T3
7% [Personal life| THh o 7284, SI12id [EBHY A b
JV : Person Name/t 7 > 2 ~ . Personal life] 23& 1 5.
Wikipedia @ 9 X TORLFEAT 5,570,022 #1245 LT,
Simple English Wikipedia @ 3T OFEF 4513 131,459
& 2ARREEE L FEAE L W28, Wikipedia & [6] UEtE
A MV EFEORS, 107,168 DA E S L7z, KRERT
&, FRROFETHE LT 7 =% O 75,000 h:0 5 57—
vy bEERLEZ. =%ty b0, T, B
BT =4, FHliT— % ONRIZOWTER 3 IIRT. &b
=%ty MIlE, D, Q, SOK b= VEDOLA NS
T LEBEIL, b= YEBENEN, 4,500, 6, 300 L
TORFOAZGFDLI L E LT
6.2.3 EFIDOHRTEEFEOFHMA
AREBTHWIEETILOIINT A—F|ZDONTHRD,
727201, 6.1 HiOFEE1 OFRE L TRLEENA/8—I8TF X —
FIZOWTDREIRT 5.

HETIVE, mE bR L LT Adam [26) (o = 0.001,
*13 Wikipedia, https://simple.wikipedia.org/wiki/Main_Page
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# 3 English Wikipedia & Simple English Wikipedia 2* & £
L7275 OIH
Table 3 Number of data created from English Wikipedia and
Simple English Wikipedia.

F=g2tyv b | #HH

g — % 29,389
FssT—% 6,300
FHi T — & 6,300

® 4 Wikipedia 7— % t v MIW$T58%EFNVD ROUGE 12X 5

L. KXFOMIE, £y F9H A4 BT KL RT
Table 4 Comparison between the models by ROUGE metrics
for Wikipedia data set. The boldface indicates the

maximum value in each mini-batch size.

ETINE ROUGE-1 ROUGE-2 ROUGE-L
WigE TV 38.51 22.33 33.14
ETI1 40.41 23.32 34.45
ETI 2 39.43 23.09 34.44
ETN 3 37.51 21.69 32.52

B =09, B9 =0.999, eps = 1078) &M, 274,
Ny FH A X3, Epoch 10 THFE L, BRET— 712435
ROUGE (230 B TIC L W 8T 2 — 5 58 % {5211
L7
6.2.4 #ER

BETFIIZOWT, BERETFIVHIH N LB & FRE
BB OHEBHEN— 20 ROUGE-N[30] (N=1,2) BLU
ROUGE-L 12 X Y &Fffi L 72

7 Z)RIASCETEICB T, AREH S IErT) QI
B U THBEDZELT A, 207280, Z07 1) hZRHEE
ML L EENDEMT— 71, EFNVOREERHET 29
ZCHEY Ty Lk, FICAREETIE, T
) Q ORAGEED, FMEiT— 2128571 Q DRA
FERSEH D 15% % BA AT — BT L Lz #
Bt aFk 4 \IRT.

FLRETTNVE, X a—FEREATLIET, b—
7 VEBIREVEL D BATIENTGETS, EREICE
ST HIFEINDL., 22THAIE, BEXO N7 U8
[ZDWT 500 LA 5 4,500 F T 500 Z) A THINE 729
WY IZB1T %% ROUGE DIEZFH~R72. ZORREH 3,
4, 5 R T. HEIXEC DB b7 VB E
FL, Htdi% ROUGE % £,
6.2.5 E

4L, WBEFELESR, X a—FOREHEAL
72E7 ) 1 D% ROUGE Ofins K & {[f] E L% ROUGE
PR ZER L. 2, 1 OERE MO R
RLTW5S, [HEEIZ, Adaptive Attention Mechanism @
AEBEALIZETIV2 S, HEFEOZL ROUGE % 11015
CLEDHERTE L. —F, EFL2IILIya—yoiEA
L7ZEF N3 TlE, ¥XT? ROUGE OEPMET L7222
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* LBFE
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Fig. 3 Comparison between the models by ROUGE-1 metric

for the number of tokens in the original texts.
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Fig. 4 Comparison between the models by ROUGE-2 metric

for the number of tokens in the original texts.
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Fig. 5 Comparison between the models by ROUGE-L metric

for the number of tokens in the original texts.
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CERFEEATCTE S, M3, M4, BLY, M5 &b, EXO
=27 VEOEMINLT, XLrya—F528BALET
V1iE, oETFTIVOK ROUGE % §X_C LR AHEG &
otz =, EOL—27 VEIIBWTH, o3 ETIL
D ROUGE 1 ZKELEDN LW &% 0 5. DL EOKED)
5, XTrya—F0EAIZLDY % ROUGE OEDSW 19 %
L ERERRTE 7. —7, Adaptive Attention Mechanism
DA & B —T] L72VEReA FIIHERE S e o 72

HETHEONNBI#R 5, |6, BTIRT. £513, KD
—Fi T % [Lemon shark] (22T ? English Wikipedia
DILEOERENEKETUNER LY AT AERHTH
L. ZoflITiE, 731 & LT [Lemon shark| & ADS5
ZHNT720, FETVIEMEIZOWTOEHZH LT
WA T EDTEEETE S, FRICETI 2T, Z DR
MR EOBICETCERLCENEZ AR L TWA.

#61%, £ 5 &£HL < [Lemon shark] [22WT® En-
glish Wikipedia Ol O IR & KE T NDARL L 72
VAT LERTH A, 72771, ZOFITIE [Lemon shark |
DAz 7 1) & LT [hobitat] 2SETNMIZE 2 6N 5.
BETN, TFNV1, BLO, =70V 214, otz
GATEREERTETWS, 7272 LETN 2 St Fik
TlE, BOEFIIOWTHfINTwE 2D, 7292l
TR ER LTV R,

F 7%, 4 FIZHFEAET A [Thanjavar district] 122
VT O English Wikipedia DRt FH O IEfRTER & %€ 7L
HER L7V AT LAERTHS., ZOFITIE, 72 LT
[ Thanjavur district | D&ANG-2 HN -7z, F 5 LKk
WK ETNVIEIMEIZOWTOEHNEZHTI LTV D 2 LA
HTEL, FRETETNVE, BRXOEHEEIZIZHE LARE
WHLTWEZ WG 0s. MOEHIZBWTHELHESY
MvoszEGL 7 )5 26078 &, HFETIVIEL
DEHEIZIZFALNEZZH & LTI T 5MEm25H o 7.

$72, ES5~FETHS, BFETILD N— 7 YHEMOHE L
EHER LBV EDWERETE DL, —h, =D 7L —ARX
TRV RLAERT S L LR TE 5. Z1Ud, Diversity
Cell 12XV [ UHEEAZ Y K LAERT 5 MEIIRE SN
A5, BV LA TIE, #E L oA HEERLA
PO NRBAIANA T — VT v T L7t EZ NS,

7. FEH

RFETIE, BSCOBFERMONZ MVIZIZ, BEXOX
WAL O MVEEAL, BRHEART S FEEREL
7o FT, HFEBREBOLTINZ MV EBEICHICHW S
Adaptive Attention Mechanism & A L 72 €7 )V & 2%
L7z.

FEERIZEL D, ANSNBLEZLDFE b — 7 Y FD RN
59, XLy a—F0#E AL > TROUGE DfEAHE
END T EDP otz T, HXDOFE =27 VIR
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x5 WhHahEHxo—p (f;tZF% 4 bV : Lemon shark, 7 T : Lemon shark)
Table 5 An example of summarizing the English Wikipedia article “Lemon shark”,

with the given query “Lemon shark”.

2 T 1) @ Lemon shark

EFREL : the lemon shark is a shark that gets its name from its deep yellow back. its belly is off-white. lemon sharks are usually
eight to ten feet long. they have long, sharp teeth for catching slippery fish. lemon sharks are common on the southeast coast of

the united states of america.

LB E 7L © the lemon shark is a medium-sized and venomous shark. it is a member of the family <unk>. lemon sharks can grow
to in length. they are often found in shallow subtropical waters and are known to inhabit coastal waters and are known to live
in north atlantic, caribbean, and in the tropical western atlantic, caribbean, and in the tropical western atlantic, caribbean, and
in the tropical western atlantic, caribbean, and in the tropical western atlantic, caribbean, and in the tropical western atlantic,
caribbean, and in the tropical western atlantic, caribbean, and in the southeastern atlantic. in addition, lemon sharks have been
found in the eastern pacific ocean, from southern cuba in the southeastern atlantic. in addition, lemon sharks have been found in
the eastern pacific ocean, from southern cuba in the southeastern atlantic. in addition, lemon sharks have been found in the eastern
pacific ocean. they also live off rivers, they never seem to travel very far into fresh water. they are found in shallow subtropical
waters and are known to live in shallow water. the females are usually found in shallow water with a rocky or sandy bottom. the
environmental temperature is after a male steak shark, and has a leaf shark. lemon sharks feed slimes, and other fish. lemon sharks
feed slimes, and other fish. lemon sharks feed slimes, and other fish. lemon sharks feed slimes, and other fish. lemon sharks feed

slimes, and other fish. lemon sharks feed slimes, and other fish. lemon sharks feed slimes, and other fish. lemon

E7 )V 1 the lemon shark (<unk> pantherophis, <unk> pantherophis, <unk> <unk>) is a small shark that is found in the eastern
pacific ocean, caribbean oceans. the shark ’s yellow appears in the western pacific ocean. they are very common in the arctic ocean.
they are very common to live in the arctic ocean. they are called the “<unk> shark”, which is the most common species in the

world.

E 7V 2 the lemon shark (<unk> bolas) is a <unk> <unk>. it is a long shark in the arctic shark. it is a member of the family
<unk>, lemon shark, lemon shark, lemon shark, lemon shark, lemon shark, lemon shark, lemon shark, lemon shark, and the lemon
shark.

E 7V 38 : the lemon shark (<unk> gigantea) is a stocky and powerful shark. it is a hybrid of shark. it is a hybrid of shark. it is a
hybrid of shark. it is the most common species of sharks. it is the most common species of sharks. it is the most common species
of sharks. it is the most common species of sharks. it is the most common species of sharks. it is the most common species of
sharks. it is the most common species of sharks. it is the most common species of sharks. it is the most common species of sharks.
it is the most common species of sharks. it is the most common species of sharks. it is the most common species of sharks. it is the
most common species of sharks. it is the most common species of sharks. it is the most common species of sharks. it is the most
common species of sharks. it is the most common species of sharks. it is the most common species of sharks. it is the most common
species of sharks. it is the most common species of sharks. it is the most common species of sharks. it is the most common species
of sharks. it is the most common species of sharks. it is the most common species of sharks. it is the most common species of

sharks. it is the most common species of sharks. it is the most common species of sharks. it is the most common species of sharks.

it is the most common species of sharks. it is the
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F 6 HHEng2Ho—6l ftF Y 1 PV Lemon shark, 7 1) ! Lemon shark habitat)
Table 6 An example of summarizing the English Wikipedia article “Lemon shark”,

with the given query “Lemon shark habitat”.

2 1) : Lemon shark habitat

IEAZEH] : the lemon shark lives in the tropical and subtropical waters of the coastal areas of the atlantic and pacific oceans. they
stay in moderately shallow water, normally going no deeper than eight zero meters (roughly two six zero feet). they are often found

in shallow waters near coasts and islands, by coral reefs, mangroves, bays, and sometimes even river mouths.

LB E 7 IV the lemon shark feeds on octopuses and squids. they are usually caught in the pelagic zone. the lemon shark feeds on
octopuses and squids. they are usually caught in the pelagic zone. the lemon shark feeds on octopuses and squids. they are also
caught in the pelagic zone. the lemon shark feeds on octopuses and squids. they are also caught in the pelagic zone. the lemon
shark feeds on octopuses and squids. they are also caught in the pelagic zone. the lemon shark feeds on octopuses and squids. they

are also caught in the pelagic zone. the lemon shark feeds on octopuses and squids. they are also caught in the pelagic zone.

E7JL 1 : the lemon shark is found in the eastern pacific, south cuba and ecuador. they are found in the eastern pacific, south cuba

and ecuador.

E7JL 2 lemon shark shark feeds on prey that live in shallow subtropical seas. they are found in shallow subtropical seas, and are

known to eat crustaceans and other species.

E 7 )V 3 : the lemon shark is a flap of the skin of the skin, and the deepest shark is the most common species. it is a hybrid of
shark. it is the most common species of sharks. it is the most common area sharks. it is the most common area sharks. it is the
most common area sharks. it is the most common area sharks. it is the most common area sharks. it is the most common area
sharks. it is the most common area sharks. it is the most common area sharks are known to have a long time. it is also known as

the “<unk> viper”, and the “<unk> viper”.

£ 7 HHINLEHLO—H] (FGLF S5 4 MV . Thanjavur district, 7 =) . Thanjavur district)
Table 7 An example of summarizing the English Wikipedia article “Thanjavur dis-

trict”, with the given query “Thanjavur district”.

[FEX (BN ) : thanjavur district is one of the three two districts of the state of tamil nadu, in southeastern india. its headquarters
is thanjavur. the district is located in the delta of the cauvery river and is mostly agrarian. as of two zero one one, thanjavur
district had a population of two, four zero five, eight nine zero with a sex-ratio of one, zero three five females for every one, zero
zero zero males. the district is located in central tamil nadu bounded on the northeast by nagapattinam district, on the east by
tiruvarur district, on the south by the palk strait, of bay of bengal on the west by pudukkottai district, and on the north by the

river, across which lie tiruchirappalli and perambalur districts. ...

7 I') I Thanjavur district

ERZEH © thanjavur district is one of the three two district in tamil nadu, india. its headquarters is thanjavur city. this district
is known as the “granary of south india” and “rice bowl of tamil nadu”. this is one of the important district for the tamil nadu

agriculture and economy.

B E 7V thanjavur district is one of the three two districts of the state of tamil nadu, in southeastern uttar india. its head-
quarters is thanjavur. the district is in the delta of the cauvery river and is mostly autonomous. as of two zero one one, thanjavur
district had a population of two, four zero five, eight nine zero with a sex-ratio of one, zero three five females for every one, zero
zero zero males. the district is in the delta of the cauvery river and is mostly agrarian. as of two zero one one, thanjavur district
had a population of two, four zero five, eight nine zero with a sex-ratio of one, zero three five females for every one, zero zero zero
males. the district is in the delta of the cauvery river and is mostly agrarian. as of two zero one one, thanjavur district had a
population of two, four zero five, eight nine zero with a sex-ratio of one, zero three five females for every one, zero zero zero males.
the district is in the delta of the cauvery river and is mostly agrarian. as of two zero one one, thanjavur district had a population
of two, four zero five, eight nine zero with a sex-ratio of one, zero three five females for every one, zero zero zero males. the district
is in the delta of the cauvery river and is mostly agrarian. as of two zero one one, thanjavur district had a population of two, four

zero five, eight nine zero with a sex-ratio of one, zero three five females for every

E7J)V 1 : thanjavur district is one of the three two districts of the state of tamil nadu, in southeastern india. its headquarters is

thanjavur. the district is in the delta of the nunavut of the cauvery river and is mostly historically politically.

E 7V 2 : thanjavur district is one of the three two districts of the state of tamil nadu, in southeastern india. its headquarters is

thanjavur. the district is in the delta of the cauvery river and is mostly uncultivated farmers.

E 7V 3 : thanjavur district is one of the three two districts of the state of tamil nadu, in southeastern india. its headquarters is

thanjavur district. the district is located in the delta of the cauvery river and is mostly associated with the mountains of the indus

river and the river <unk>.
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