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An abstractive text summarization method combining BERT and
convolutional gating unit
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Abstract: The recurrent neural network (RNN) model combined with the attention mechanism is the current mainstream
abstractive text summarization method, which uses a sequence-to-sequence framework based on deep learning. However,
the abstractive summarization model based on the RNN has insufficient parallel ability or performance defects of long-
term dependence, and the problem of low accuracy and high repetition rate in the process of generating summary. In
order to overcome these problems, an abstractive summarization model method combining the BERT pre-training model
and the convolutional gating unit is proposed based on the improved Transformer model. In the encoder stage, it makes
full use of the large-scale corpus pre-trained by the BERT to replace the RNN to extract the contextual representation of
the text, and then combines the convolutional gating unit to filter the output of the encoder to filter out the source text. In
the decoder stage, three different Transformers are designed, for exploring a more effective fusion method of the BERT
pre-training model and convolutional gating unit to improve the performance of text summarization. The ROUGE value is
used as the evaluation index in the experiments. The experimental results on the LCSTS Chinese dataset and CNN/Daily
Mail dataset show that the proposed method improves the accuracy and readability of the abstract.

Keywords: the abstractive summarization; sequence-to-sequence; pre-training model; convolution gating unit; filter;
Transformer model
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Az H Bl ST AR R R SCAS B 8 T | AERA LR
HOHE BRI IR TR E BRI RN $& = 7 AT sk
IR,

AT, SCAS 98 AT 55 4 Se 3L 75 s0mT BA 2y 9
25 i 2% 2 (extractive summarization) 14 % 204
B (abstractive summarization). i B =4 2K 5 2
B P 20 F ) A0 HE P 7 925, MR SO A rp il B+
A TR, — e H TSR b, H AR RYE T
JRSC, — 8 BE b R ) ) TR 4 RS L e
P A R AR 2 D) 3 e B A SR R SCAS R T SR X
5, H A B SCE B T RO, 5l B 2
FHEE, Az B 2 SN AT & N BT 15 F R
. AT LA PO R IR VR FE ph 22 M 2% 78 H SR 1 5 AL
AU 7 RO R AERE /1, 5 SO AR AT 55 1)
S e HARTE 5 AL BT ST AR

TR A 28 0 25 A5 TR L Dy s 2 T AE B RS 5 A
FAESS b, IR0 B R el b, 78 SCA A jliAT:
55 1 HE A FHAE IR0 8 X 284y s 5 8 R g R 458, )
FLZ ] b B PP B AT 5, BEAE AT R H AR b g 5
S SV L EVSE IR 2 E T B Rl b A W e s R B RS
TARGFR . AH 2, BT RNN J H AR i 55 15
—AMphg T AR N AR TN, M DLSEIIFAT
ATt B, BUEAE YN ZRAN A= BB B R AR, Vaswani
S Y — 3T 1) 2 41 3 5 1)K 2 Transformer, B3
BTV R LT B B B AT T R RE ), il AR
WA AT 55 b B0 2 562 W A k2D )1 R [ ) ] o
Re IR B 0F IR PR 45 . 2 )5, B 5 Transformer f40 i3
777 BERT 2, XLNet!®!, GPT-2* & Fiil I A5 A 1) H
W, AR T TV 2 3 RTE T BT 55 M REZKF, WS
A5 i 44 SEAAR ) AL A B 1 R A, H 2 T
SRS RAR /D N P B B A P A A BRSO 47

AT F IR A AR ORI R 2 5 T RNN A

7 Hff 231 0 A2 2R 1 1) v L, At S e R [
J& 2| Transformer . 75 [1) 347 & /1 F BERT 58 K [ ¥
TEHRHLRE /7, A S 24k Transformer 5254 4244,
P2 Al & BERT 101 s B4 (1) 40 2 A RO A 2B Y
T G 15 25 T B 78 0 1) FH 0050 I 2 1 5 A R, 4 L
HOREEE B SCE U ) &L BERT B A B LI HY
15 % )74 mask, 2% ZALHE mask - 2 [0 7] GE 474
[ TE SRR, S 80T g H B E R S B E R R 1 )
TN T X — 8] B, A SCAE G B 25 5 A 2 2 T
IINEFRT T4 57T, 48 34 CNN A [F RN B R &
P AT AN [RD R FE A7 S BRI, A7 50 g AL 25 1Y) i 1 gk AT

KPS B %, £ A 2% B B H Transformer A 22
RS AT AR A AL A 22

AR FEETTHRA A7 1

1) #&H — Pl & BERT-base T ZxA 7Y F1 5 F1
145 BT A, 1A G H CNN AN [F] RN
RS A [RI 0L BE A5 B 14 i, %225 BERT %t (1)
TR B AT SCR S B0, 1Y 58 SO G BERRAE R
HY B 6E 7, [ sl G i 2 0T B 30 AT S b | R S
ZANIpuy S

2) Wit 3 MANF T Transformer I fFEAD 25, 32
BERT 55 1145 B0 A R Rl & 7 20, A R T3¢
AR LA B T
1 MRIAE

T AF SR, TR B 27 ) R R SR B HE SR 1 5 K SR AIE R
F14% B2 WF FC#F = %%, Google  Brainl! [4] P\ £ H 1) ¥
FI| %ty (Sequence-to-sequence, Seq2Seq) Fi 4 45 ¥4, il T
FEEH TIE S B & W R, FE7E 5 Fh SO
AERSAE S AL EE ERBUVR TS, JFE T BARE S b8
(natural language processing, NLP) H ity 2] 3ifi % 25 1]
KT ZAE T — A YA 2% (encoder) A1 — A
fif i 4% (decoder), 2 At 25 38 i X A [\ K B SC AR HEAT
G, s e KR ) 1) B RIS, ARG AR 1 ] R
IR BEAT ff R, E1E e H v A2 K1) H A5 7 41, Bahdanau
S50 5 Seq2Seq A5 A 3 47 LUk, A 48 N AE Bl SE NV
B2 G A S X — 4R X, 20 Soft-
Attention L, & 5 7 HLZSEIIRAE S I RCR. b,
TV = JIHLE Y Seq2Seq B AL 7E H SR1E 5 A BEATE 55
Hl Tz N AT A

SCHR [ 718 K Seq2Seq 155 84 F - A2 il XS A
LA FH A R ML G A 42 Y 2% (convolutional
neural network, CNN) A g i 2%, #1 25 WX 5% 15 5 A5 7Y
(neural network language models, NNLM) N fi#fid 23,
It H.58 it Gigaword &4 42 H1 DUC2004 i 4f5 52 156 1
ROUAA EAE 55 9250, 9 J5 AR 55 M 1 2 R A AR s
55, Hu %8BI My gt 7 28 1 M2 B Al s R — N
T ST A il B A, AR SO AR Y b e s R,
9 1B A SCAS Fil B R i XOHE 3 — KA. Chopra %1 7
SCHR [5] B FE Al E o0 i a 28 3k 47 Ak, S PG A 2
IR 28 AR P 220 X 2 1 5 8L, ot — A T 47 2 A LY
JoT . R T 2 /UM R PR, 40 B A O A A T
G Hh 2 H IR B S 1], B0 Ok i) /1, Gu U0 4 H L
FE A N 20 S o) A 65 o 1) 380 i O 20 b 4 DLAL
] (copy mechanism). See &M 7EF5 £ A il a8 N 4% 1
BT H 7 s AL, B M e 1 A A ) 7 A 4]
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T A IR R Lin U2 B8 4 R g AR Y, {5 42 )R
I 1428 DX 28 %oF 4 il 25 RNIN PR % H 5 SR a0 A7 DG A JE 0
1%, B — PR T BAT 55 BIKF. RATSFEI AL St
Y 28X A AN SCAR A T g )5, 38 42 5 B ULEL 2 3t
TR BT A AR T B AR ITURE B

FH ] 3] 504 7F transformer F& fith I 33847 £ 32k, J@
T K g 1 S 2 B = A 2 A g B s 9
T 25 %) — 50 4, () A s 10 4% ) 24 56 A N 21 i AT
15 LT, 7540 B VP43« )11 225 Tl P AR 21 3 E 7 T
3242 Ft. Peng 25151 fif Fff LSTM A1l transformer 2H i
R G 5 AR B 22 48 S, I b A Ry T4k — A i ik
KRS B B4 BERT 55 — R 41 Tyl 25455 24 1) H 3,
TRYIZRBE BT AR TE B ARG 5 B A U 0 75 1 A%
R, Zhang FFUS 2 —Fh 2L T BERT 1) H AR5 5 A A%
LR 2 i o A% 78 20 ) F 9056 1 Rt AR, I
VU B A R 2, A5 A SO 2 b i U B i
— . Zhang T EEH T — Rl 00 B B IO Z5 B
¥5 GSG (gap sentences generation), PAi& AL transformer-
based ] encoder-decoder 15 24 7F ifg & SC A iR _F il
Wk, SRR EZ D UARTEHIESE LR T
b5 ON T 47 2 A 48 55 1) 4 e, Facebook 7£ ACL2020 |
$2 I 2k Seq2Seq 1425 1 15 2 i 45 452 7 BART!'),
BART #5 8 Hh (1) SCARIE 78 7 VR LR AR A 2 2] B 22 4 2%
R T [P BEAR A B, ) o N HE AT B K [ 1Y) A 4k,
M T # BERT H MLM FINSP H 54—k, Ik 1
TR 2 S MR BART 7F H S8 1E 5 BT 55 15200
TSR AN AR A, AH R AE STA A AT 55 G A A5
R [E AR, Baidu 52 1 — N T8 5 AL R 1 5
Z i Seq2Seq TR ZR A1 A AHE 42 (ERNIE-GEN)!), H:
rh AL — AN AR AR AT R — A P B A T
125, DL TN 5 A0 A 1) 22, 6 41, ERNIE-GEN
MR T — A8 B8 B A AT 55 SR I R A58 2 A il
FNER G W SCR, i — w1 NI ES
B, @ k)72 Hi 52 56, ERNIE-GEN 75 60, 45 6 22 A= ik
[ NLG T 55 7k B i ROR.

2 BbE BERT RIS T2 B SO AR
transformer A 3 [L RNN 5 47 B FE4T 6E J1 A1iE
SCFFAEFRELRE 77, A 3L € K H transformer #5BYAE ly
Az R A AR 1 BE AR Y S i DA ek, 2 B 3
o2 i BERT 4w 2% B8 145 Boc RIfigis 3. 3
o BERT i fi5h 5 132 U0 N 100 SCRY, FF 44 8 R AE; 45
FRU14% B o0 0] S i 25 ()% HH 3R AT DG BRS E I ik, FE42
PRE5 AR 28 A B L. O T AW 9T BERT 2t 25 Al
AR B BT A Rk G T, Bk 3 RPN [E B Rk S

B

1) CBC: %t a5 FH 7l i)ll 4545 2 BERT, i 1 45
FRTT42 B o ) 0 24k 12E N 2L il transformer g5 25 7 A2
BT

2) CBC-DA (double attention): 7E CBC Y [ &
fii b, ¥ BERT f % tHIN L 28 5 2 2 2 SkiE R )
JE R, AR5 B G R 8 I OGS B AR 2 2R 3
R 2 JEm 1, VORGSR E B4 RE B

3) CBC-RA (residual attention): £ CBC f# % [t
it b, T E B A AR S R B T RS AR
TN BRI E 77, R 5% 22 9 26 i 21 attention [ |,
BHARME PR, N Eomisas . SR 5
TCHfRAS &5 B 40715 .
2.1 e A

WA EAR S B G E —BRKIAFIX =
{@1, 29, ..., 2, } FON BB 1. Hodr:n R N SCA
K FE, G AR (R I SR kA J A s AR ) S
AWEFIY = {y1, y2, - Ym}, m N CAK
i, HEESRE AN SCARAE n KT A i K m.
2.2 YWD 25

FH T BERT 7 £ #iE 5 BT 55 L 3R B,
W5y SEARTEUN AL 25 Be 52 BE MR, A8 SR F BERT
I 5 45 T AE A 9w 6% 2%, BERT HH £ 4> transformer
encoder ZHEE R, —EHCUE N EZLBER
71)Z (multi-head self-attention layer) F1— > §if [7] % 15t
JZ (feed forward layer). 7 % 3k HiE & J1 2, B4
Sk I3E 7 /748 F scaled dot-product attention T 5 73
B0, H N 4E LN d B A ) [F] B (query, Q) T
W] 5 (key, K) VA 4E 8 d B 7] = (values, V') 20 A&,
JIT A BT SR A 1) RO, I B softmax B B AE
IR, BAREE 3B IR 1) B Query-Key & AT
—A R is H R, (R N B kR I K, B DA 4
[ B \/d e 2) 15 F softmax bR B0KE H )0 —1k; 3) e LA

Values *RAFEE 1N
T

K
attention(Q, K, V) = softmax(Q

V. 1
N o

% Sk¥E R JIHLH] (multi-head attention) Xf Q+ K -
V 34T h (2 3k B NS R AR e 52, AR R
B h AN AS A ) attention 45 5, ¢ 5 38 i B AN [F (1)
attention 75 £l multi-head attention, 1 K fr 7

Xene = multihead(Q, K, V) =

., heady), 2)
head; = attention(QWS KWX VWY),  (3)

Hh QWY KWE VWY g4k S5,

concat(head;, heads, . .
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output
probabilities
output
probabilities
r 3
softmax
feed forward
linear
\
multi-head
feed forward self-attention
Nx
multi-head multi-head
e 1 ~ P \ self-attention
A QL] Y Nx OO0 QR0
O 10 1O Q1 Q] 1O ......
+ mask multi-head * mask multi-head
self-attention self-attention
[ BERT J ( BERT J
. T J \ — ) L Y N —
texts summarys texts summarys
encoder decoder encoder decoder
(a) CBC (b) DBC-DA
output
probabilities
attention scores
A
r R
N
feed forward
multi-head Nx
(T 1 =\ self-attention - add |
O] [O] [0 O[T 10 _ A 4
ololla  ldlldlio
* mask multi-head
self-attention
[ BERT J
. T J \. — J
texts summarys last
encoder decoder attention scores
(c) CBC-RA
El1 1REGHEZR
Z R NEZ FAFERT A S, FoA S A FFN(z) = max(0,zW1 + b1)Wa + b2 (4)

24 1 A2 e A Re LU I bR 44, RE 547 2808 s 2 (14

Hor: Wiy e R(ddef), W, e R(dssxd) ?'\jéﬂ%‘f%??ﬁ%, dff
LA RES, THE N

NZIZ HIBSTERSZ KN, by Ay i L.
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23 ERINEET

X T AR AR Y T 5, A ] A5 R gk AT OGS B
PRI — A% L 0], G AR SCAR 2]
T[] AR 75 5 R . [RSNGB AR A A AR
ZA5 5,8 R DI 80 AL 5 B 75 1 S
bSW S Sk PN RN OB SN SN B TR S " N
R SCA R AE B YmAG G AL 1% 0% ) BERT 4
T 25 B .

BA 145 B 048 F CNN % BERT 4t i 2% 1) i L
BTG A SHOL = RSP AR R g a8 SR T
FIHR ) SR BB AE, T LA n-gram BEAE. R A T HE—
A R4 R 45 5, 7E CNN 4t Eom - B33 & 0L
], 4n 2 Firos.

self-attention

concat

=3l

D GO
7

| encoder outputs |

2 ERINRRET

BRI BT EEH 2 FE BRI G
2 W 281 L self-attention 1L ¥4 5. £ CNN #5431 i3
FE— 41 AR 5T A A [F] RS 1 38 AR AZ g B A
T A [E n-gram B 5. 255 SR [17] 1) TAE, AR
Inception FI BT JE I, 73 A FAZ 0 2 12325 (FH A
3R IRk = b IR G AL 8 A DR 5 40 B % 5 R i T B

H97R) B kernel, BRI A0 5 T HE Q1R
9i = ReLUW hi— 2, - - -, higrsal +0). (5)

Forr: ReLU NARZEVEBTE AL hy—pjas - - s higrje N
BRI E RSN E, O DR R A E.

7E CNN 2 I, il i i self-attention AL il {5 75 45
R ReE — 20 v 4 il S K, self-attention AL {5
TR A5 B () 25 0 42 4 4 1190 1 5 5 5 v HoAth R
IR &R, BN PRIEA SRS IR E R 1 E
R 0 2 (1) B, Hedr: Q ATV g CNIN AR Bl figi H )
TRHME: K = Watt V, Watt N—Na] 22 > RI5EFE.

¥ G N2 5 B L H S AE — i,
RN 142 58T g, AN AT DASE AN S5 SOA ) n-
gram {5 5, 10 REFZHT 42 JRAH DGk, BT 14 B e [ 19

N Tl

by (I
Xenc - Xenc X Singid(g); (6)

HH Xene IBERT Jafd #5 (% . 45 17148 50 g @
i sigmoid R ETHE, AL A — D T 0~ 1 Z 1A [F)
B R AERE B R an ST 0, T2 7 I o3 D8 4
B IR 1, W R R TR B O A5
2.4 R 2E

FRZ NS BERT % i 258 A1 OC B AD G (5 AN
R 200714, 18 H transformer 15y JE A A 25 1) [F)
I}, Bt PR A [E] transformer i 5 #5251

base-transformer: transformer fi# i) 23 73 #1457 1]
25 B T B 1R OGBS R AR A A, an B 1a) BT
N BRSO EERNIHER Ny = {yo,v1,-- .,
Vi1 }, 0 RN T T A S R A AT 9w A,
BREFEEFI s = {s0,81,...,8i-1}; RJGHHT
) B s AT AR T 458 B0 0 IR i R, AR G i . BAUE
HHE, AR BT E T 5.

double-attention: JS & # A B Yk 5 0% H
AT DLACHES R R 1) 9 A 25 i LH AR N B AR A 25, B s A
RS OB B I RBURR I, (5 4R S B A — e
2 JE AT JE A T B A I DR A, T FAAIG A R )
O PR 1 O AT R BB AN A
2, {7 FH BERT 2 i 23 i ARG AR T 145 B oo 1 i HE AR
AR 25 PR T AN i N I K Bl S B 1(b) B, W
IN—ANERANE 2 S 5 77 )=, ARG 2 AR s
PN Xone T Xene T 2 SkIE B, T 7258
Bk ZE AT R

residual-attention: W B i & E BN 12 2, 5
BERT JZ#UAH [R], R 9 i 25 A [ )2 X0 2 i 245 110) i L
AN VT A R B AU, N R AR A 6 O
= B RER IBE, 2% He 5020 1) TAE, B A0 25 5%
ZE 4531 3] attention B4 _E, 1B 1(c) Fras. BAR A

attention(Q,,, K,, V) = softmax(A,)V,,, (7)
QK
e
Hodrn N5 n JZ transformer decoder. 5% 22 [0 2% i 2
attention % -, 145 55 1 )= ] attention & % ELIE 5 5
12, AT LAl A AN [ transformer JZ FVE & 71, i BE

A ST LA Y R ) IR
25 IG5 HEE

T2 0 AR5, T EAR I ZRB s b AR5 e
AP FAGRY (one-hot encoding), # FEA & T 1% IR 2%
ML= 1, AN 8 TN 0. FERL I ZRBY B R A8
SN R o B A R T R S S, T

A, =

+ A1, (®)
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0 G Ak ) 2 1) L SEME AR AN ISR ORI AR B 2 AL
e 771 BSOS A, T HL A2 A M2 2 Y n it Je 26
5 At 2R 0 2 TR f 22 R 3 AR Y o4y AR AE T
W HIZE 5. Fr2EF-1F (label smoothing) % Mg 1] D figk 1
IR [H] @, 1abel smoothing /& — Ffi i 2 B 45 IR 5032,
WRR AR A — AL, B A 803 & 7 R HER k.

A SCAE N ZrId AR bR AR5 1 SR, A Ik
RZEFR Ne = 0.1, one_hot AFEANRZEF A 1) Jh #4 7]
=4

one_hot: =

(1 —¢) x one_hot; + (1 — one_hot;) x ¢

vocab_size ©)
H 1z one_hot* 4 b5 %5 V- 1 #: 4F J5 B0 FE AR b 2%,
vocab_size AT K/,

ff DD 2% 4 ) R A A R A R ) =
logit, Ff 223 softmax T 55453 S B A 5 25 th: 4E 2
1i] 2% K /N 1) 7 word_prob, Bl H 5 18] [ Tl 45 5,
H

word_prob, = softmax(logit). (10)
B JE LI bR JE AR A B A SR IR R N
N
loss = — Z one_hot; x log(word_prob;).  (11)
i—1

TEffpRg ek #E vp, R AR A4 2% (beam search) 177
72 A i B, PAB/N AR 72 AE X6 52 FR ) 48 22 =
&) 3 AR A

3 SEWRSHERST
3.1 RBIRE

S5 SR F A SC B A 48 LCSTS!®! A3 S $ 4 45
CNN/Daily Mail.

1) LCSTS #4545, Hl & 605 3 8070 28 1 #r 6
2400591 A AR AT ESCA . EH M EEN
25 55 2 8B 2 5 1R 4 B LR AT 10 666 2% 45 22
BEr; S 3 AL T 5 1. B 25, 3E 1106 2% 4
BRI, o 2, 5 3 B T RN TV,
WA ~5 T ER SO SRR, VT
I3 K55 T 353 Fon I SCAR 5 47 1R A DR PR A i 1K
T30 RRF AR G EA IR 2. O 7 A &
DAl 4 AR, 36 FH 2B 1350 3 B0 A s B U1 R 4
£, 55 3G N 3 ~ 50 BIBERAE e,

2) CNN/Daily Mail ##f 52. KB5S SCAH ZAL
P8, For 80 5 28 5 I SRBlte x, 1.3 77 Sk £ 4w A
IBWANEEAETPONESS S =L eSS e N S SR N
766 AN 29.74 N F) ;R R4 P38 A 53

i 3.724NE) 7
3.2 ZEWIFNRE

% M LinY 4% 4 ) ROUGE 1§ #3 3t 17 V¥ 1.
ROUGE # A5 32 B35 F- n J6 ] 4 1] 26, 3@ i f Ll A
A BB AT AL AT TS PR S 2 i B 2 )
FH A [ A n-gram 18] 57 41 53] % 45 H 18 2P0 475
TR RN H 0. PR T bR 2 BObk = 22 B A AL AR R A
)5 & S ROUGE 1T 45 b1 4 4 9 ROUGE-N #
ROUGE-L %, A 3 i Fi§ ROUGE-1 1 ROUGE-2 4 5l
WA Rl 1 478 22 5 AR HE 2 18] 1-gram 1 2-gram 1) &
2 5%, 8 FH ROUGE-L Ml 55 K A 3% 7 )7 51l (1) B & 72
JE.
33 ZBBY

S Fl-A BERT T 258, {5 H BERT 738, K
/NR21 128 5, F M B 4EE 9 768, HHG AR D 2% 2 HoR
% SkVE R 1 B S Y G 2% A R 1 12 2 R0
12 3k. 7RI ZRid #2 v, 10 B BERT $ Nt L —
)7, LL[CLSIEATFIA AT« [SEPIE NS R AT, Sk
28 5 1 23 19K F AdamW 4k R &, Hodr 22 3] Ko
WENSe-5.8 = 09,8, = 0.999, F: % & 2% > i1k
K H il (Warmup) 5 93 (Decay) W&, Jyidt47 1E )
1k, ¥ dropout AR 25 V18 5 5 B N 0.1, £F %+ LCSTS
i g, /N BEE R 16, i N7 7 i KK N 130,
g S B A B KK R 30; £ % CNIN/Daily Mail,
HEAL B/ 4, % N SCE PR i KA BE 500, it -
e KA FE 100. 5258 458 H 5K RTX-2080Ti(GPU) ¢
AT N, 7R DR BEASE F A KN A 3 R 2.
34 XLEERS SR

AR SR ARLRE R B DL FH LCSTS H SC i 4211
FEMERERY, 3 MAH I STk o B e s 5 45 1

1) RNN A1 RNN-context!®!: J&F- RNN ) 3C A fii B
BAY B A% LCSTS %6 SCAE R B8 S k47 )1 2Rl
ik, H  RNN-context £  7E RNN FJE At B in AJE =
I

2) CopyNet!!%: {ii Ff§ RNN {F & i 2%, it it 2% %
FH A A R DA

3) S2S + superAE2: 7E Il 25 455 AL By B R
autoencoder I B Seq2Seq 157 1112 =1, LA 5 encoder
PERE.

4) CGUM2: JET 4 Ry 4wt () Seq2Seq B A4, ji ik
VB AR 9% B o g s 25 A B EAT I Ik

5) transformer: & T35 & S AL 1) Seq2Seq 1 Y,
HBEABIFHIHATRE 1. A CHE I T transformer 1]
SCAAE B TV, R BE SR AT S
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6) GDE!): K42 Jaj [ 4% XU g A 5 11 £ il 205

A BT 1, T A X w4 SR R 2 1 4 R i
5 A R TR BT gk, — P I R OCBAE
TS AR TR e 408 A S B A 1) SR 22,
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model ROUGE-1 ROUGE-2 ROUGE-L
RNN 21.5 8.9 18.6
RNN-context 29.9 17.4 27.2
CopyNet 344 21.6 31.3
S2S+-superAE 39.2 26.0 36.2
CGU 394 26.9 36.5
transformer 38.2 24.8 36.3
GDE 40.2 25.0 36.5
BERTabs 41.1 27.1 39.1
CBC 41.6 27.6 39.3
CBC-DA 41.8 28.2 39.6
CBC-RA 41.9 28.1 39.3
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model ROUGE-1 ROUGE-2 ROUGE-L
CGU 39.53 17.28 36.38
transformer 39.5 16.06 36.63
One-Stage 39.5 17.87 36.65
BERT-ext + abs 40.14 17.87 37.83
BERTabs 39.2 18.02 39.23
CBC 40.06 18.24 39.33
CBC-DA 40.57 18.49 39.77
CBC-RA 40.33 18.34 39.76
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