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Abstract Previous abstractive text summarization methods use Recurrent Neural Networks as encoder and decoder,
which have an intrinsic deficiency in training speed and inference speed, since they process a sequence word by word.
To address this problem, we proposed a self-attention based abstractive summarization method, which regards encoder
as part of decoder, and use gated network to control the information flow from encoder to decoder. Experiments on the
English summarization dataset Gigaword and DUC2004 demonstrate that our model outperforms the baseline models
on both the quality of summarization and time efficiency.
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Fig.1 The summaries generated by extractive and abstractive method (in lower case, “#” stand for digit)
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Fig.2 An overview of our proposed model
3.2 YmiEes
e IR A2 BB P 91 3 0 NP A — N RIS . N T RER AU N 7 B AT St 3R
MEH 72T BiERNRI gis 2%, AXME eh g, AT EZ LM NP5, Rl BEE
JINLHR FI T AR B BN S, BRI REFIIFATRE ), THE RIS,
miE 2 s, iR 2R, BEARZ LERAEMTRREE. 2RE8 0BT ERNT
FI A TR MA ST e TR E R IBE, DA RIREME I LN SRR, “ 23k MR, KA 2
ZANTEN, FERE RN THE BT RR, R RESRIHRE &, maX (1) Frs.
Multihead(Q,K,V) = concat(head,, head,, ..., head,)W° €))

Hr head; = Attention(QW,%, KWK, vw})

HhQ=K=V=x, ZHHEHEW € R>%, WK e Rk, W) eR¥b, WO e RM>AK LM,
TR N W BIASR 545 8] dy Mdy, Ros T AR LERE, h FRon 2 ER IR E, dR YRR
Koo ERESRBONG A ES IR E, A (2) For:

Attention(Q,K,V) = soft (QKT>V )
ention({, K, = Sojtmax \/a

A ) 15t Z (Feed Forward Networks, FFN) {EH T Z kiR NEMHH, 8 7N EME RS E/ERm
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Hrw, € R¥*r, W, € RUCNEIEHEA:, dpr NIZZHIRGEE RN, by Flb, Sl E .

TEARTCR, BAMEFAKMSHONR = 4, d =256, dfy = 1024, d, = d, = d/h = 64, Filh#Z% N=2.

EARERIR, A SO RS 38 AU ST N T FIEAT Hhd, WD 3R — 5y, AXTH
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IR A B IR AT SRR R ) PR RA) TR RoR, BEEBRAI LIRS, K h fE N 51 &
Fon, s = hgo XN TRAHEKRR, [THEMSEHSAER—ANBIEg, WA (4):

gi = sigmoid(W,[h;,s] + b) 4

Hrhw, € REVUNLNERA, b FORRE, g, FoRiZia ot . HeE it g, Rkf% il h AL AR &5
s &, DRRIEEr R ER, AR (5 Fm. M al AT 7k 5 /3 28 5 51 0 B R R
(ho Ry ooy hy) o TS, LIAIE T AR AL B LS RS A, T A A2

Ei = gih; Q)

3.4 HERBHBHUHEDIR

fEet 2% FH T ARYE 1 13 M M B B, SRA RS H . BARRUL, A& 1 Je it i & A i 4 22
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(1) BE TIURM DRI, b TR SE, PR E 8 E . J5Kk Vaswani 551 TAE, fH—4
BN Z KRN, R E T AT b, MERAT LR AR, BT 55584E T midds.

(2) MHBATHIN T g 2s I Z808%, R ImAL &8 I 2R 250E R A MANT A, e 7 EF
A, 2 EARIGR, 2GR AL &S K g L e
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WAL softmax FERTEN T —MA, WAz (6) Fix:

p(ilx, y<;) = softmax(m;W, + b,) (6)
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RN TR I EARESE . SRR RGP Tehr ROUGE!M, BB SEILa 1y, e &M
SEEXS EE T AT 5 R LAY R
4.1 BiRE
ASCAE F AR 54 Gigaword B4R DUC2004 £ 4E, WIAEURE MRS NLINER 1 s, XF
Gigaword ##i%e, FAEMHZT RushMSE AL IR 5 RORAS, ARFRARTTA0T: (1) Frf JECRim# /N5 1k;
() Frbh “#” KRB (3D HILREUDT 5 R R & K AAPRRAF “<unk>" RACE . Gigaword %X
PEEROR, ORI IS e W=7, 206520 380 /3. 18 Ji\ 1951 DN SUAR-HEXT,
T EAYIZRATIR. 11 DUC2004 288 AL E 500 f 30y, B SCRIX R 4 %S HME, ixdnse
BUN, AEGEIIGR, AR ITE Gigaword B4 2R O, 7E DUC2004 #dl g Bl
#1 Gigaword 1 DUC2004 HIBE K LA EI
Table 1 Details about Gigaword and DUC2004 dataset

Btk Gigaword DUC2004
FTH 3.99M 500
SEHE & 1 4

RESE NGRS S 31.4 35.6
PR TR 8.2 103

4.2 &R

A CAE W AR, FA1EH ROUGE 8 a3l A i 22 (1) i & . ROUGE $8 43 32 BVl AR 28 AE i 4l
BRAERE 2 W E S, E45 S, ROUGE 13505 . ROUGE f8Ar N = ANFLEERPEHIE S, 4
BN ZouiiE. KA LTRA], N =AMERR, B ROUGE-1, ROUGE-2, ROUGE-L, #ANEFRHS
B REMR. A, FLAE; 5/ FI{ERVPAIBALTE Gigaword Z4E 4 FRIRCR, 8 4 Bl 2 R VAR
£ DUC2004 £ 454 R
4.3 LIRS

B ZHOTE, FATHET Gigaword YIZREE FIE SCA NI E A EE S ] SR B ARl 8L, K/l
90000 F1 68883; il [r] FEAEE K/NA 256; Jmhds MRS SR 1 ZHET R BN 2, AN Z KiERIZHAE
443k, BRIRERE TN 2565 R/ AR GZ TR EZE K/ANA 1024 (E A & gmigt, LRI 50 5067
FE, SN ZEZ KRR ZEERED, DU & [ dropout Ak it &, HEREE
0.1,

WRIT B, BENATELNIZSE, RAMEIIZ, #ONEE D 64; I Adam HRAGERDT, BG4G5> 2R
4 0.001, FEEVIZE EUNZGMIRIG, K5 T R E MAT I —+F . 7EIZk 10 4> epoch Ji&, BALE TS,
{8 Fl —3t Nvidia GTX 1080ti & R#E47 I %%.

MR B, AR R IR B IE T 7 51, R E N 5. R R TR B M 2 A,
T R, FRATTR AR RO R R MR R AR B DL B, DA AR A A R A R
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4.4 1REVEA

ASCHRH TSR, 3508

ES-Trans: 4wfi%#5 3L =) Transformer (Encoder Sharing Transformer), 7E Vaswanil'Z8 [ T{F 3T
B, RGBS S RS A ) — 53

Gated-ES-Trans: 7f ES-Trans [F2EAl F, SIATTHEMZE, DA 6 A Gwht &5 2RS35 1115 2.

PATREA SO 5 DL SRR AT A3 T X0 L«

ABS: Rusht™%57T- 2015 42, fHHIBRIE MEIENTIDEE, MHEMZIE S B NNLM (E 9y
&%, HIXTE Gigaword HREE F VAL H SRR E 7%,

RAS: Chopral®%+ 2016 G452, MBI EIENGmIDE, TEIIIE A N iRIDEE .

Feats2s: Nallapati”%5T- 2016 fFHEH, il as RIS 40 0L G2 4%, R — e TIEH
PR IS A, EAME A T 2 AMRRE, At SeR(E 255

Entail-s2s: Lil'"&F 2018 42 H, FETEAAEMELE, 51N T 17148 W 48R SCAZERT 55 K417 24T
NGk, LIRS 2 DOCHHE B RE

Seq2seq: A SCSRILRI 7L, MR [ THEMEIA G (Gated Recurrent Unit, GRU) UME N4ufidds, H
i) GRU {E NS 2%, AfH mARVE = T R4

Transformer: Vaswani!"S532H, JEAH THLEEIEE, TATLI TS K HH T SCARREATS%

F2 7E Gigaword FIEE B BRI ROUGE F1 34y (%) Ry ZRmF ARt )
Table 2 The ROUGE F1 score and training and testing cost of each model on Gigaword dataset

it Rouge-1 Rouge-2 Rouge-L EANE PRI BT
(hours/epoch)  (items/seconds)
ABS (Rush et al. 2015) 29.55 11.32 26.42 42 6.4
Feats2s (Nallapati et al. 2016) 32.67 15.59 30.64 9.8 23
RAS (Lin et al. 2016) 33.78 15.97 31.15 5.1 6.6
Entail-s2s (Li et al. 2018) 35.33 17.27 33.19 4.7 7.1
Seq2seq (our implementation) 33.20 15.64 30.82 3.5 83
Transformer (our implementation) 33.08 15.37 30.49 1.3 18.3
ES-Trans.(ours) 35.98 17.30 33.24 1.4 18.1
Gated ES-Trans.(ours) 36.15 17.51 33.47 1.4 17.2

£ 3 7EDUC2004 PRE (XHATFWR) L& ROUGE A EZRFS (%)
Table 3 The ROUGE recall of each model on DUC2004 dataset

e Rouge-1 Rouge-2 Rouge-L
ABS (Rush et al. 2015) 26.55 7.06 22.05
Feats2s (Nallapati et al. 2016) 28.35 9.46 24.59
RAS (Lin et al. 2016) 28.97 8.26 24.06
Entail-s2s (Li et al. 2018) 29.33 10.24 25.24
Seq2seq (our implementation) 27.88 8.41 24.04
Transformer (our implementation) 27.54 8.29 24.01
ES-Trans. (ours) 29.02 9.81 25.12
Gated ES-Trans. (ours) 29.25 9.97 2541

4.5 BERE5SH

PAHE TG E AR AR Gigaword F1DUC2004 AT, H4R 5 2 AR B () ROUGE-1, ROUGE-
2, ROUGE-L {J184), i3s3 T ROUGE A pyrouge T BRI HAS /3. Besh, BAGIH TR NI
RERIZE YNGR AE B ZR— R B a), DARHEFR S GRS BRI RIS R 5k, RS E N 8), MLt

! https://pypi.org/project/pyrouge



TR (R [R]85

%2 BN T S/ MERE Gigaword R4 1) ROUGE F8¥51) F1 343 LA HI G 8] o A SCHR HY A
%! Gated ES-Trans 7£ ROUGE-1. ROUGE-2. ROUGE-L =/M&¥r_ERI/S #8840 T H A, Mxt T2
KA Entail-s2s, 04277 0.82. 0.24. 0.28; MAHXTT- RAS #iAY, 5042 T8 2.0, 1.5, 2.0,
B I 2RI T LR 1/3 EEE T /D M Transformer RS, A3 Hdk A7 ook pr 2 HH 0 i 28 3L =207
1% ES-Trans, KiEEHETHT ROUGE #3755, $#FHE D HIEF] 2.90. 1.93. 2.75; Ak, T CA A AR
Jiid, ARCTTIERRAER T INZRNEa], $EF+ T HEBE R . MmN T 132 M 2% )5 1) Gated ES-Trans #52¢, (i
T & ROUGE 1947, U8 T T s M IA . £ 3 R T &/ MEAEAE DUC2004 R4 1) ROUGE
Hal#, RIAFHTE Gigaword FHEE FUIZRGF A, H#E:AE DUC2004 #¥E4E B4k, nT 0L, A
J71% (Gated ES-Trans) #H%} RAS(Lin, 2016)#1 Transformer(Vaswani, 2017)4%, ROUGE-2 f1 ROUGE-L 3%
HWER$ETr; M Entail-s2s(Li, 2018), ASCEMSUR S5 HAHY, ROUGE-1 M1 ROUGE-2 7 fH 1,
{H ROUGE-L 14} % i
4.6 RHIH

A5 M Gigaword MHREE R M1, IR T AR A LA 5 Vaswani %51 Transformer A5 78 7F1X
PN RS AL, T AR PO AN 7 V2575 A B B 5 TR IR P R e BE e ) 220 . IR 4 B, &
ANTRBINEE—AT R DT R on: JESOFH. %5 Transformer A4 BRI EE, AN SO 45 A
Gated ES-Trans 2E Al 2 .

# 4 M Gigaword SHEERIERIFARE], FATEN AR E

Table 4 Two examples from Gigaword, and their corresponding summarization

Input: the sri lankan government on wednesday announced the closure of government schools
with immediate effect as a military campaign against tamil separatists escalated in the north of

the country .

Reference: sri lanka closes schools as war escalates
Transformer: sri lanka launches campaign against tamil rebels

Gated ES-Trans: sri lanka closes schools as military campaign escalates

Input: at least ## people were killed when a nigeria airways airliner crashed on landing

monday at kaduna airport in the north of the country , airport officials said .

Reference: nigerian plane crashes on landing killing at least ##
Transformer: at least ## killed in nigeria

Gated ES-Trans: at least ## killed in nigerian airways plane crash

TR 4 AR, HEENRREEN i B 2R RIS 85 50 AR, A SO 7 AR 4 2
A SRS T IX— A%, ISR EMZTC) L. 1M Transformer 81 7 A2 (47 22 B B SR BOES 1 E l, H
AR N R RAEMN R E R FEFATE BREFESCPAPTADL, EIFANR RS EERIA )
B MR, AR A R BRI ER . 5 AR T A SR B LR F LA RN A5 T
f50L. Transformer B A I ZE, IEBRINUEN] 7 NGOG TIG 00, (EORUEMIRE, f77E(5 St A
R S B 1 D5 T 0 S SR R o TR R T AR SRR A el S ) IR A 1k DA e B

5 5B

AR T EE T G a3 AT 4 1 A SR EE 7%, R g S A E i A 1) — B 7Y, i
P AN AR RN P A AT s, thREXS = AL A4 B3 SIREAT i, E TG 5% 1 X b as I 2k RIS 5]
AN T TIHERIZE, SRR (S BTG, OREESCHME 8., AEAS AR REAR S IR S SC B A5 JE R A A 2L
FEJECAH E R R £ Gigaword A1 DUC2004 EfSEERIEN], ASCHR H A0 EE TG % 3L AT 132 N 2% (1075 g
W S BRI ) )1 3k P2 AT 2 Rl 2 ) o
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