EALER Y HEosEMER RS

)

1=

TR (202053 H)

=S

BB ETIEEBEN Y 72V XEEN DY HHH&

Rl EA% T
P B DKL F KT NHESALBIR A SR
B b o — A

INBR —E ¥
P BRD KL F R
et BARRIY R

{ozaki.kana, koba}@is.ocha.ac.jp

(X LC&®IC

REDTF AT —RPFAET BBUE, CEDOHE

T\W5. ¥ %17 5 summarization layer 12 1% Simple
Classiffier, RNN, Transformer % ® 3 fE%H%ZF£H L

EAKRT 5 XEENHMOBEEREE>T\NWD. H
IO TR & AR 5 0, il AL F G
DERBEZDE o TENLEWET HFILTHY,
AR SCE I\ T L — AR HEES & TR
WCERN ST 5. BFEE=a—J 12y b2V
ETIVOREIZED, FFRBER ORI EEALT
bNTW5S. ZOHTHHEFEET IV BERT[] %
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Narayan & [4] & CNN R—Z® seq2seq €T VT
H 3 ConvS2S[5] IZH LU TANILED MY 7 iEH%E
B2 e LTETIVITEILTWS. fiEe L
T Encoder fll, Decoder fillicH &y 7 X7 L%
Bl Z 72 T-ConvS2S A3 LR F5®D Pointer Generator
Network 23 U 72 & F I AR TAERBIERIZ B 1T
% ROUGE OfED A ELz e LT 5.

3 IBEFE

Liu

BERR
512 & - TREI Nz BErRTsUM[2|[3] 1%, il

FEE 7))V BERT[1] 2Lk L 72 XE L X)L D Encoder

% v

V5 LIzE o T, HEIFETHALSHEET IV

IR CERIZISHT A Z ik L TwWb. H
FEEEET LV EIE, KEDOI— SN2 L TR
EYPEIELETNTHD, HKROARSHEET VL
B0 1 DOETNVEERTFET LI LT, XHESY
M, BRR CRA IR R A ADISHANIRETH 5. *
DOHTH, Google HHHIFE U 72 HAR S GBI g 7

ARfFFETIX, BERTSUM IZH1F 5 BERT OH Iz b
EyoRZ MVEMASZET, XEFONEY 2%
ZRULBERNETVERET S, JI#CEIINTLT
LDA[6] IZ& 2 bE Y 2T 217\, /o2 D0
A (XEZED MY I 5%, Py I T DHEE
D) DT ET—=NVFEEL L. MY 7RI MLOFE
Bz 7> Tld, Narayan H5I2 &2 Y 7T ML
2R L7z CNN R— 2D RIS O 5% [4] 12>
2. 20DRHEDHIBbXEZT LD MY 7 0MIE, Xt
FEFEPEENTVEXEIZDOWTONAEZIL> TS
5. Ny IBEKEL, tp e REZXED OB
Cy o0, ¢ =(t), ..t ) 2 CENDHEI LD b
Ev kit dsd, 22T, theRE T3, Zhiz

ETNTH5 BERT 1%, B2 LFiELED XA 7T
BWTHEFM SR ZZR L TS, BERTSUM
HIRI IR & AR B D & SIZE S L TH D,
HIERZ B W TIE BERT 23 I U772 X7 R Ld:
5, TOXDRERUIEENBZIRENE I D2 FHL

— 828 —

LFODHEZLD N Y IRT Mg i,

ci =t @tq € RF, (1)

TRIN, @ FERILORH (T XY —IVK) 25K
HGE w; O Ny 7046 ¢ IEAENIZ Z OHEFEHERD

Copyright(C) 2020 The Association for Natural Language Processing.
All Rights Reserved.



st D G @ @ @ @ @ @ @ @

Token

Embeddings |E CLS] | | Ese;nj I Eone |E SEP] I

Interval Segment
Embeddings

ECLS | E2nd | | Esﬂem I |E SEP| |ECLS| ESrd I

T
E E B E ] ] [E] ] B E
+

Position

Embeddings | E | | E. | | Es | | E, |

LB | [E] [E] [E] [E] [Ew

[ Summarization Layers ]
[ Y1 | A [ Ye |

1 SREFIRBEZE
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F— X OHMLEL Y LT, Stanford CoreNLP % FH\»
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T—X%w b | SCEB G/ RRGE /S X & (FiH) ERIC (N T4 B)
HEER U | HiEE S
CNN 90,266,/1,220/1,093 760.70 33.98 | 45.70 3.59
Daily Mail 196,961/12,148/10,397 653.33 29.33 | 54.65 3.86
# 1: CNN/Daily Mail 7— &+t v b #f
Perplexity (3K E & & <, Coherence IF@EWIFEE BERT HH7Gekk 768 YT
BWETFLTHHLINTWVWD. K2%2H5L, Per- T 198
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hotel, mar, resort, spa, castro, top,
hotels, list, california

eu, migrants, italy, island, lamp, sea,
europe, italian, lindsay, european
mrs, patients, hospital, said, doctors,
medical, treatmet, care, health

club, league, football, team, players,
season, fans, cup, last, liverpool,
game, england, match

space, earth, pilot, pip, brit, station,

moon, samantha, astronauts, esa, engineer
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EFIV R1 R2 RL

ORACLE 52.59  31.24  48.87
LEAD-3 40.42  17.62  36.67
Transformer 40.82  18.18 37.15
BERTSUM+Classifier 42.87  20.05  39.30
BERTSUM+RNN 4291  20.06 39.34
BERTSUM+Transformer 42.93 20.11 39.37
T-Transformer 40.57 18.06  36.93
T-BERTSUM+Classifier 42.85  20.05 39.27
T-BERTSUM+RNN 4282 20.04  39.26
T-BErTsuM+Transformer | 42.82  20.03  39.27

Z 4: CNN/Daily Mail 7—X & v MZB1 5 ROUGE
fif.
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