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A T VEIFRAY 22 W %09 IR X A2 5 5] A A (SummaRuNNer) #2577 5 L2 5 (DSR ) LAY S A A A8 vk, A2C-RLAS #9
RAEENE P AEH BT R AE, TRV AR, , L A2C-RLAS # ROUGE #» BERTScore 3§ #7+ 39 A 327+,
%% F Refresh #2787 SummaRuNNer £ 4 , A2C-RLAS #2745 ROUGE-L{A % 3132 & T 6. 3% #= 10. 2%; A8 4% T DSR #%
AL A2C-RLAS A 69 F11642 3 T 30. 5%,
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Reinforced automatic summarization model based on advantage actor-critic algorithm

DU Xixi, CHENG Hua’, FANG@uan
(Institute of Information Science and Engineering, East China University oé Scn@e and Technology, Shanghai 200237, China)

and the abstractive summary model often loses key

Abstract: The extractive summary model is relatively.reﬁ@
information and has inaccurate summary and repeated gengra ontent in long text automatic summarization task. In order
to solve these problems, a Reinforced Automat ization model based on Advantage Actor-Critic algorithm (A2C-

¢S
RLAS) for long text was proposed. Firstly, the Q&ltences of the original text were extracted by the extractor based on the
hybrid neural network of Convolutional NettsalNetwork (CNN) and Recurrent Neural Network (RNN). Then, the key

sentences were refined by the rewriter based on the copy mechanism and the attention mechanism. Finally, the Advantage
Actor-Critic (A2C) algorithm in reinforcement learning was used to train the entire network, and the semantic similarity
between the rewritten summary and the reference summary (BERTScore (Evaluating Text Generation with Bidirectional
Encoder Representations from Transformers) value) was used as a reward to guide the extraction process, so as to improve
the quality of sentences extracted by the extractor. The experimental results on CNN/Daily Mail dataset show that, compared
with models such as Reinforcement Learning-based Extractive Summarization (Refresh) model, a Recurrent Neural Network
based sequence model for extractive summarization (SummaRuNNer) and Distributional Semantics Reward (DSR) model,
the A2C-RLAS has the final summary with content more accurate, language more fluent and redundant content effectively
reduced, at the same time, A2C-RLAS has both the ROUGE (Recall-Oriented Understudy for Gisting Evaluation) and
BERTScore indicators improved. Compared to the Refresh model and the SummaRuNNer model, the ROUGE-L value of the
A2C-RLAS model is increased by 6. 3% and 10. 2% respectively; compared with the DSR model, the F1 value of the A2C-
RLAS model is increased by 30. 5%.

Key words: automatic summary model; extractive summary model; abstractive summary model; encoder-decoder;

reinforcement learning; Advantage Actor-Critic (A2C) algorithm
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% (Abstractive) o S PR ERIR SCAS SCH R 24 B 22, n
TextRank 575 K47 T4 2 19 a5, AR AR 34 i A = /3R IR
R T SCRBLEE , BRI e 1 kA9 SV R B, A
By B R T AR IRAT (0 J s, 7 BRI SC YRRl -, 3% e A=
B, AT AR B SCTORG B AR 2 , 38 ) LA -7 > s
25 ) SCEL AN 3 TR B ML) B 2 ¥ 31 (sequence to
sequence, seq2seq) IR A1 FH 46 BB Z8 I 45 (Convolutional
Neural Network, CNN) X ¥ SCAS 2 fif 55, 5| AEE S 0L,
1E DUCER A IS T RS AR

H T IFRENTRAMIE T H S SOR AL, 21 T1F
ZHFB . Sharma S5 58 W SRR 34 11 A pl X 4l ZE A AR
(System for ENtity-drivEn Coherent Abstractive summarization
model, SENECA) , Rl I S4445 B ™ A AL & FIE B3 514
B, Zhang S5O HE H 8 2 30 HR A i h) 0 T 2 A XA A
#4 (Pre-training with Extracted GAp-Sentences for abstractive
Summarization model, PEGASUS) , | F#r oY #il Il 2% H A5 (Gap
Sentences Generation, GSG) T4 % 545 25 i) FAE B, 78
JA 124 F Wi 48 L ARIA 3 T B ek M PERE o Saito %7
o B A E OB bS] M4 MR B 2 B A (Conditional
summarization model with Important Tokens, CIT), ZAE DK
FPERB AR IR AR 5 81 1 PR B 4 seq2seq A5 ARUAE Sy [
Ty A A

SR, EEXHE SCA Y A B 22, 2 R A ik, s
B F AR, LR R A R 9 U5 SO B i 2 A
REVEA $2 Ui A SCAR 19 SUE B, HLAE U R/ OGB4 L
MR 0 SCHRES TRy Ak iR v R iR Ak ST HE SR i
N SCRY A AR BN S R SR AR O N2 T T
IR SCANBZEM RO . #7R e 4h
AR NS A TR A E N 155
I ARG ) B 2] B A 1 B

BEXF BRI, K SCAC A S 2T S EROIR SCAOC A,
PRI E R, DU DU 20 00 5 1 B )
A B IR RS R B 45 2, DRt il s 2 ) 0 SR B2 T
M TR . ARSNGB 2 Al RS D R B
FEAUER RS SCRE L o X IR, AR SR T T 1] 4 S
A1 S TR B B - e K AR A SR AL 1 B R A
(Reinforced ~ Automatic
Advantage Actor-Critic algorithm, A2C-RLAS) , 7£ 5 fb 22 2] HE
R A2C BRI 22 Ik 3k AR Ok Bk il B AR L b
BERTScore (evaluating text generation with Bidirectional
Encoder Representations from Transformers ) "0 15 45 ff- b DA
5B S B R B0 TR SOMRUE | B il BBUST 52 (9 B0 A%
o TE CNN/Daily Mail "V R4 L (1505025 53R, 55108
Ak 2 27 B9 4 B 4% 22 (Reinforcement learning-based extractive
summarization, Refresh) 7 | J -1 TRt 25 0 25 () b B = 47k
FEJF 5 F 8 (a Recurrent Neural Network based sequence model
for extractive Summarization, SummaRuNNer) F153 15 15 % il
(Distributional Semantics Reward, DSR) #& % 45 4H [t , A2C-
RLAS 1 %I ¥ ROUGE (Recall-Oriented Understudy for Gisting
Evaluation)" I BERTScore $& b5 | ¥4 2 7+, H o ¢ F
Refresh #% % FiI SummaRuNNer #% % | A2C-RLAS & % [
ROUGE-L{H 43 JI4& = T 6. 3% F1 10. 2%; #H %+ DSR LAY,
A2C-RLAS LR F1 B4R R T 30. 5% A< SCRORLE 21 LA

EPSVIN

Summarization model based on

SN S WA R
1 [ Ak

TEAR SO H B b, © A M skl s Scm) 7
LR A AR R S B I B K B LA, Bl T
encoder-decoder [ BB B Refresh' X £ 5 42 CNN/Daily
Mail Hil AR B A HEATHIBC, 5 2R 0 1, 275 i SEAT AT Lo b
U Z P Y A S 13, 54010, 7 2 B AT 4l U
27. 8], P U A K B P SR A KR
2452, AW HAh IBCRE A A by 4 2 7 K S B 2 AR S
TURK AR

x1 WENSGIT
Tab. 1 Summary statistics

HRES FEy o RIURSOR SRR SR

WE wkm wookkE W ATR KR
SHEFHE 11490 706. 92 31. 65 3.72 50. 17
MM E 11490 706.92 31.65 4.67 129.75

191 1 Ay e A TR Ay HBCA A7 A 451, JFG o O AL A G
SREAS R T I Zebm i, il PO 22 5 104 JE ), 275 4l 2240
AT 2R IR 2 9 KSR S B 2K B Y 3~4 4%, i
HARBUHE Al — N A H A B, A AN 5T R 2
ANREIZALAE T AT B M | 18 375 AL 0 47 25 2k

—LEHG, 0

711
&?ﬁﬁg :ben powers joined the cast of “good times” for its
@t and final season. he played thelma ’s husband keith

x anderson.

HHEUHZE . ben powers joined the cast of “good times” for its

sixth and final season from 1978 to 1979 season , playing keith ,

a professional football player . his character and thelma are wed
on the third episode that year , but he injures his leg while

walking out of the church , straining their relationship . ben

powers , who played thelma’s husband keith anderson on the
final season of the classic cbs sitcom “good times” , has died .
he was 64 .

Az A B ATV B P R T B RS
B Y (EJR A T i R SCAR R I, il AR T SRS ) 17 AR
W, BRSNS 0 2 OGS B R A
BT A SCHK (8 R I AR 07 0%, #1823 i SO il
(Distributional Semantics Reward, DSR) % | 5216 25 B2 B |
i AR SR N A TR R A R SO R i 4
PROCHEAE B o A A 20 R SCAS A JRUSCR F , T A AR R
HEBR I 0 F6 22 o 491 2 g DSR RS Az 5l 1) 4% BEAE 5], A58 A
A S S5 R L —8, LR EERR s | n] SR
IR TR SCA, T 85 U SCOGEER) , AN AT LR B S b
B AR R 1L AT B SN A3 U 0 A FL A

#] 2

Wi 3C A ¢ european finance ministers on saturday urged
swedes to vote “yes” to adopting the euro , saying entry into the
currency bloc would be good for sweden and the rest of europe .

22§ % . european finance ministers urge swedes to vole
yes to euro

A 3% 2 ¢ eu finance ministers urge swedes to vote yes to

euro
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TEf EE B A h R R A S R A BN 2, AR T
An At S DB , il B SRR e A A R, B IR
KRR EUR ZOICE MR CEAL O AR . ISk 14 it
I 55 At T B0 S 35 PR 2 SR A A 55 P22 S O T
PSS AT A — Zk , F00 AR B D 1 A MG A 5 Y
TUARAG R BB ZUGA U A, S BB AR a4, L
T T A MR LIRS0 REAR . AT LR s Ak > ok
figp ke, i A2C F 3% 22 YR AR BEAT G R, G B 3RS T
HER A )T HES .

2 ETAXHEEhBRMLEIHERA

FESR AL ST HESLTR AR SCHR A 1T ) 4 SCA Y 6 T A2C 55
AR AL A S ZAR (A2C-RLAS) , W&l 1 7R . 3T
#% (extractor) FIH 5 #5 (rewriter) R FEAF B HT 2L, /E ly A2C
B actor, eritic ZE T actor TS HEAT AT A PEFIZAT A Y
555, PEB £ (evaluator ) il i BERTScore (HIEM E S 5 5%
5 B T SCARARUME VR 22050, actor MIARHE critic 19 PF-43- 1

T actor 7
Bz
: [Embeding}>{ CNN }~[Bi-LSTM}{LSTM] ; I
i : [ £ B $(Value Function)
‘,| . _ _ / + H&’Eb
KOk | TR Kb by i
| 5% :
| [Embedingl=[Bi-LSTM{ : 2 Jy Ll J-{LSTM b= #5 Vb | |
1 A2C-RLAS/#HRY
Fig. 1 A2C-RLAS model
2.1 IhENER al = vl tanh (W, b, + W ,,z,) (3)
IR 5L T encoder-decoder HEAL , WAL 2 7 o 43 )2 SCHY o' = softmax(a') (4)
A U AT I S &4 R bR SGE UE B AT ) e, = W, h, (5)
=, I BE St A\ Tb < y =S y A AR 522 : e
i ; A AR 25 A R E AL AR U SO ) R A A 3 2 LSTM B L W Ao 2o 1722 5 S ks

[ Pt JBC SR ), 2 R SCAS

«

A

B2 iR g sy
Fig. 2 Extractor model
2.1.1 HEX A%

F T SRR A B SCA e ), DR I ASE AR Ay A ) )
IR AT )T SRASCHRL 15 82 i i ] 45
TR LA S P8 SCA A i) - ) ) i ELACHE, 3o TR S
A iE—A~a] -, Hh A RN TR A ) ) A 30 A AR R
B AR RO R R AR AE , B 2 1 5 i A )
ke g g

N T RS SO I AR R SUE B R A R
W18 SUHRT , A4 ) 1] & r, 3% A B30 2 (Long Short-
Term Memory, LSTM) R 2510 ge 4711 45, A2 il & B R S0 )
w5 B 1) i b, SE T SRR AN IR SO TS (N F
2.1.2 A%

R ENVA] A b5 R 3L LSTM (1948 £ 2457V i
2% BT OCHE I ML HE o X T BN 8] 26 ¢, PR SCAR
B 0] T A A2
. 1):‘ tanh (W, b, + We,), i, # i, Yk<i

Y e, iy

P(i)iy, iy, +++,0,_,) = softmax (u') (2)
e, AR EF IS AEHNEUAT A1 25 ¢ B A 1, BN

(1)

ISR Sa
2.2 EEH

SR A5 B T UM A, il B R DG R g S
A5 HG X SCRIA T AE NS . S &SRR ER
FEF 1 = 1L ) encoder-decoder 55 HI1 gy A K SCAR « =
{25200, oy b B ZF Iy = {y ), y00 oosyae HHIEY
AR b SOIRAS , 2 45 25 SR I OBL 1] 4 J 38130 12 ) 4% (Bi-
directional Long Short-Term Memory network, Bi-LSTM) . 5| A
TERE IR, (0 e 0 Fsf T L e P 2 B A S5 1) 1 S ) o
I B o

X A5 57 18] (Out-Of-Vocabulary, OOV ) [, 2R Ji #% I
BLI e, 76 f A st I B R BTG, 38 I 56 g 5 DU X
P U5 4 i SC B s F B OGS AR S G, AT R A il —
AHri] o AT ZER AN &L 3 7R o

() G

a10]0;

I
Ao

()G

kEh :
Yifith & PLiti i Es  ¥5 UIALE
K3 g
Fig. 3 Rewriter model
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2.3 BES

TEAR SO S AR v, A Sl R PR AT 22 AR, R
HH 5 4k 2% 2] T Advantage Actor-Critic (A2C) 5.3 . M T
REINFORCE 534, A2C FLik B I pFie 5 9 45 , vl fige ke i
22 VR, DA TITAT 250 i v il S A D B ) ) o

M TE SR 48 b5 ROUGE H BT Bt i 2 5
S E 2 [0 B n TR BB, O S iR LR
AR SC Ty 2 5 Gk AT, AKX ROUGE ANFE ] T G 2
HIPFHr . B, SR FHIE 0 25 (evaluator) T B B 2 F1 2%
T BERTScore {H, fE A IR A5 5 v B T35 SUI 22Dl , LI 4R
e AR A R R R
2.3.1 ATELHER

BERTScore™ #] ] 3¢ H BERT (Bidirectional Encoder
Representations from Transformers ) {4 FIl 25 b F ST A, IT18
T AR LA DC IHC 2 254 2 A e e 2 ) BR) 4 SO
2 idf (ml)ing)i Ml-TM/-

Ryppr = (6)
BERT 2 idf (m,)
Y, idf (m)) mdxMTM
P 7
BERT 2 1df (m/)
Rurr * Pogper
FBERT — 2 BERT BERT (8)

RBERT + PBERT

Horh s MM 7% 2 2 i b i) m AR E i kA °
AT SRR QQ

BERT I | F SCilH A 5 BRELdf (+)
2.3.2 A2CH %

KAk =<2 A2C( Advantage Actor-Critic )@ ,actor &
TR PR A 77, (5, a)o TERE—DAMIBCREE] 2D ¢, Fih I 2% ) 24
PRS2 T A ICHE 1 S84 o, T 4R G, actor 38 5 R ER 24 i bk
&, =(D.d; ), RIEHME 7, (s, a) RAE—A BN i~y (c)s 1),
WIS D EP*FHEXT*/I\/FTJ?(I“CHHC e T I RE Y EE ]

) g(d,) 5SS E b, XA T BERTScore {EAFE N2 il -
r(t + 1) = BERTScore; (g(d,),b,) (9)
17— YA it R S — A ], i W 77, (5, @) B SE B

RAEAT N B0V 8 o SO TN AT A B R A R

[l R, :

R, = i\:y'r(t +1) (10)

Horpr VORI AR E sy B AT R — A

RAENNVEEEEL Q™ (c, i) HIfh T, A2C B L U I T
R R S R BV (c) 1F 0 % i (baseline) #R %X, 15 31
Advantage PR

A" (e, i) = Q™ (e, i) = V™' (c) (11)

Advantage PR Iﬁiﬂ%?ﬂﬁ S o, IPSREAT A i, 43 LU AR IR
e, Z MM, 31X 5 3R B 1Y B AR = — B0, SR B AR pR L
FhEERT RIRH

V,J(0)=E, [V,logm,(c,i)A™ (c,i)] (12)

1 Advantage PRIEAE 21 (1) S MG AR BE A 1EAG 11, O IE BT SE)
HGZ AT, AR SEU A RGZ ) T .

EKEHL actor BP0 PRECH -

L, =—logm,(c,i)+ A" (c,1) (13)

M critic 1] LA B4 F 4 U7 1% 22 MSE AR 41 2k s g, 78
t%ﬁ? PRI SO HUT

% +av,logm,(c,i)A™ (¢, 1) (14)

x ?E’Alﬁﬁ%/\ffﬁ
3.1

HiEE
ST A T 1] CNN/Daily Mail B0 41, i 25 H A 407
[ %] (Cable News Network, CNN) F1%&F H 1E4& M 587 [ (Daily
Mail ) 8, i35 2. 2 80H A6 3 287 227 XTIl 2548 (13 368
XIS IESE AN 11 490 X I4E o A SCH N ZREE AN i B, £
A7 AN GRS R B h s (A TR P 6 1F S S Pk ok HR e A A, 7
ML e e & 4

%2 CNN/Daily Mail #13E &
Tab. 2 CNN/Daily Mail dataset

LUEITES HEAEL

FIESCARKSE  PHESCARA T SFIWMERIE PR TR

CNN/Daily Mail (train/val/test) 312 085(287 227/13 368/11 490)

766 29.74 53 3.72

3.2 EMHIEER

2 4 B2 P4 2R FH G 0 475 2297 00 o 0 ROUGE!™
ROUGE 8 b5 1158 2 2% il 22 5 o vE i 22 2 8] 1) N T Ji i%
B ST RS A iR . ROUGE 14545 =2 ROUGE-N(N
a1 .2.358) MIROUGE-L 41 A% .

7R 3% H ROUGE-1 (unigram) Fl ROUGE-2 (bigram ) L4 i
B E B ES M, ROUGE-LIX ES L B AR M = n
/NSt s P B RE I == ¢ A A E St 70
3.3 BSHIEE

ST A B S2 0, 38T word2vec > 1| i ) 1, 1) i) - 19
AR 128, LSTM 11 6% BRG] o 4 55k 256, B3] 2 {8 FH
30 000~ Huid] . AEYINZRBY BEA ] Adam JEALER 2 I ZpiAy | 2
M HORBEE N 0. 001, ShESEEE NG, = 0.9, B, = 0.999 Al
&= 10", Yr40H T % &N 0. 95, batch-size % B A 32, fit i i}
i H Beam /N Ky 5 A HE S8 2R (Beam search) .

3.4 PEbARE

S UE A2C-RLAS J7 ¥ A2 1 2 A9 PR RE L 128 HCH AT R 31
R A Al B O T R A B TR AT X LU BRIE . 45 % LU TR
PR IT

1) Lead-3 : ELEAMIBGIR SCAS 1 i —/A) 4 B SOl 2L

2)SUMO (Structured sUmmarization MOdel ) ! % 3l Bt =X,
SCR ik G AE R U 9 ], R &5 R Ak (structured
attention) , 5 TR AQE5H4 Ui Ty 82 2 SUARFIR o

3) Refresh!™ Wi B SCRY 378 22 [ 4 42 A ) FHE AT 55
$ H — ol i 50 1k 2% ) X ROUGE ¥4 b i A7 42 R A Ak 1Y
PRGSO A S

4) Pointer-generator+coverage[24] . # T encoder-decoder fE
B 3E o 48 R SC SR R DR He OOV [R) @, I 51 A
coverage MLl , G B &

5) SummaRuNNer'™'; 3 F [T ¥ 8 P12 70 -1 I8 25 ) 2%
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%34 Areef o R TR R 0F

wR AR IR G S RAEA 703

(Gate Recurrent Unit- Recurrent Neural Network, GRU-RNN) f)
FEREATARY S T — A A A IR, T DR TS 2
FEVNZRB B 5 I ARG UARZE

6) BERT-ext+abs™ : ¥ BERT i Il 25 J5 1= i FH T i the 3¢
A SR B R $5 H — R B B 1 St AR
3.5 IR R

ST AL 53 (0 77300 v U] ROUGE YA %o L 52 56 45 5, fin
3,40 M A BGAR RY | A A AR R RN AR SCR R — 21, F A s )
STECRH MM ECF AR . R 3 W LUE AR SO AL
ROUGE-1 #l ROUGE-L ¥¥-43 I J& Br A B v e - 1), Fe WA
SCAERL A AR RIS o AT EGAR #Y SUMO , A SOt
RIfE ROUGE-1 Al ROUGE-L$8 45 L4354 =5 T 0. 33 1 1. 69
AN 4 8 AT A R Pointer-generator+coverage , 4 3C
FERIAE ROUGE-1 . ROUGE-2 Fl ROUGE-L¥8 45 L3 58 T
1.80.0. 93 F12. 514N 43 44, F HAAR SCIRE AUl B 11 56 )
W41 . 5 BERT-ext+abs BRI AH L, A< SCAE U 78
ROUGE-1, ROUGE-2, ROUGE-L #§ #% | 4 %42 F+ 7 1.19.
0. 34 F1 1. 06 I~ FH 43 5, W HE T o k2% > 1) A2C-RLAS 274!
5205 B MR M S 4F . (A 4E ROUGE-2 3143 I A2C-
RLAS V& A ik 3] i & K OF AT SUMO BRI 22 T 0. 1941 H
4% 15 . R-AVG 432 ROUGE-1,ROUGE-2 #1 ROUGE-L [ F-
I, AR SO R-AVG P53 2 32. 81, HUiG 1 AR T R4k pit
R BRI o &5 DR Lo S 58 Pl 260, A SRR i B A
T—REMRTE B TR RCR

#®3 AREEER ROUGE FEMIBEFRITLL

u
N
ROUGE /3%

- 2
- AVG

1 2 I
G Lead-3 40.34 17.70 36.57 31.54
**ﬁu} Refresh 40.00 18.20 36.60 31.60
R SUMO 41.00 18.40 37.20 32.20
o st SummaRuNNer 39.60 16.20 35.30 30.37

T

fom Pointer-generator+coverage 39.53 17.28 36.38 31.06

BERT-ext+abs
ARSI A2C-RLAS

AR A S8 1 PFI A U ROUGE , 34 il L BERTScore 4 1
TFEFR AT HE 5256, 25 SR AN R 4, F8And s B BOR AL
bR o SCHk[8 17E LA 38 A 4512k (cross-ENTropy loss, XENT)
IZRBERLRTLL ROUGE 15 2 i VI SR L (g 24l |, $5 1 DSR
B, 51 A S3A 23E SOl AF R SOER R . SCHk[27 ]
TEFE 5T 42 W (Pointer-Generator, PG ) 28 FlH: T35 w AL 0945
& A= m M 4% (Pointer-Generator network with the coverage
mechanism, PG+Cov. ) B93ERE [, 51 AT 09T I HLH] , 38
HEF 38 W R B ) L Y 48 £ A5 B B (Pointer-Generator
model with the diminishing attention mechanism, PG+DimAtin) ,
IRt R R ) R PR i P B R A 2 2 T %

TERE 1 Precision . 3 [0]3% Recall f1 F1{H_b , A< SCHE KU
i TN L S g B . AR LT DSR AR AL AR SO AR A 7
Precision (P) | Recall (R) Il F1 {H (F1) 435 # & T 20. 46,
19. 94 F120. 394~ 43 £, 7£ ROUGE-L 845 L2 1 7. 934
H 43 rio 5 PG+DimAttn BIAUAH LL , A SCBIA Y FLAE AR & T

40.14 17.87 37.83 31.95
41.33 18.21 38.89 32.81

BfI: %o

Tab. 3  Comparison of ROUGE evaluation indicator of '\
different models @ °
R-

0. 05 /1> 43 &, , 7E ROUGE-L #8458 #2517 1. 95 1 F 43 i o
2543 ROUGE 4545 Fl BER TS core 8 AR 25 R B, 2 T 15 %
Jil 75 V5 RERS T i 8 B UM B 4 25 B AR W 1 s 2
i S
#R4 AEEEE BERTScore #1 ROUGE-LIEM ISR EL B4L: %
Tab. 4 Comparison of BERTScore and ROUGE-L evaluation

indicators of different models unit: %
" BERTScorede 154
Hm corede 7 ¢ oUGE-L
p R F1
XENT 62.18 63.79 62.77  29.46
ROUGE 59.31 61.33 60.11  33.89
SCHR(8]
i ROUGE+XENT 61.07 62.17 61.38  33.07
s DSR+ROUGE ~ 65.92 64.56 65.01  33.61
DSR+XENT 66.06 67.63 66.64  31.28
DSR 66.27 67.98 66.93  30.96
. PG — —  86.72  33.63
ik [27] L
. PG+Cov. — —  87.24  35.92
- PG+DimAttn — —  87.27  36.94
AR A2C-RLAS 86.73 87.92 87.32  38.89

3.6 HEAILIE

AT XF A2C-RLAS A58 o 19 1 5 85 (rewriter ) 158 AL >
(RL) AT B> B, 45 A0 3% 5 B , Fabn i i B9 20 BT InRL
BeFFril . 76 ROUGE-1.ROUGE-2 HI ROUGE-L#&#¥5 |, A2C-
RLAS #H “QAzc_RLAS (no RL) 43 5l 4 15 T 2. 95.2.09
2.8 @5\ , AT A2C-RLAS (no rewriter) 70 32 & T
Qg\ .05 1 1. 134~ A 43 s, #H# T A2C-RLAS (no RL, no
writer) 23 W42 8 T 1.16,0.10 A1 2.48 D 4r A . 1E
BERTScore ] Precision . Recall #1 F1 {E 1§ %5 |, A2C-RLAS #H
T A2C-RLAS(no RL) 434215 17 5. 49.5. 29 F15. 3941~ H 4
B, AHET A2C-RLAS (no rewriter) 43 B4 75 T 0. 32.,0. 57 #
0. 4441 H 4y /5, AH#E T A2C-RLAS(no RL, no rewriter) 73 Jill 42

72,41 1. 71 /2. 07T A B 43 4o

*R5 AEEEE ROUGEEMIERRITLL

Tab. 5 Comparison of ROUGE evaluation indicator of

B %

different models unit: %

ROUGE43#{  BERTScorede 1543

1 2 I P R F1
A2C-RLAS(no RL) 38.3816.1236.04 81.2482.6381.93
A2C-RLAS(no rewriter) 41.1718.1637.7686. 41 87. 35 86. 88
A2C-RLAS(no rewriter, no RL) 40. 17 18. 11 36. 41 84. 32 86. 21 85. 25
A2C-RLAS 41.3318.2138.8986.7387.9287.32

AR TEREFE T B SR R RS B E G A AR R L U S
SR AR L W IR SR A A e K VR T A TR
WEASTELIAGFE PSS HEAARES S0, i
Kt , FEOTE SRS BUH Z R VS BCPY ROUGE {E
AR, AR AY BERTScore (E AR . AN 25 fh2F 2T AU 1Y)
TG FR A Z AR, SR IO AR ), & S R ok
52 % i EAHICEL , ROUGE PEAMIC , LT 2 25 4k B st il 2
P AR E R R, PR RRIET 535
(rewriter) FISRAL 24 > (RL)F7AE A0 B4
3.7 EEEEIRG]

F6 JER T AR SOOI H A O A TR A B, AT
AT LA B, A2C-RLAS BRI EL N 410 | i JE N T 525 4
BRI 2T i Ak~ 3T B A2C L YRS B

iRl
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P+ F AL R

% 41 %

I iR o n), BB E G, KR TIURE R P
D NA AR T%. 23158, A2C-RLASHAITE BERTScore
A4 Precision Recall FI1 F1{EAYPFANFEAR A BH AL, FeIHA S
MR LTS il B s L —30 k8 THZE .

LEA T4 SHF 6T A, A2C-RLAS 4% ¥ T =07

HEILS RN A RIS RO S ST A T A
TrEBIIEH A5 BURS fA I  BO 25, HLBA M N K 00V
B W IO A B R B, BAR B R

Ko TREEEMNHIBETRS

Tab. 6 Examples of summaries generated by different models

A HE A BERTScore
shadow chancellor refused to rule out a five-point rise in corporation tax .
. he was also evasive about the 40p rate of income tax during interview .
ZHEH , ,
businesses are already concerned about labour’s plans not to cut tax .
the main rate has been brought down by coalition from 28 to 21 per cent .
the shadow chancellor refused to rule out a five-point rise in corporation tax .
) ) . B {BERTScore :
ed balls yesterday opened the door to a tax raid on businesses , which critics warn would endanger the .
. Precision=88. 2140,
Lead-3 economic recovery .
. . . . L . Recall=87.5591,
in a tv interview , the shadow chancellor refused to rule out a five-point rise in the main rate of Fl=87. 8853
corporation tax if labour form the next government . ’
the shadow chancellor refused to rule out a five-point rise in corporation tax .
in a tv interview , the shadow chancellor refused to rule out a five-point rise in the main rate of {BERTS
SRTScore:
corporation tax if labour form the next government . o
. . . . . ~ Precision=87.2914,
Refresh he was also evasive about the 40p rate of income tax , into which millions of people have been dragged in

Pointer-generator+

recent years , saying he was unsure how quickly the threshold could be raised .

Recall=91. 8925,
F1=89. 5329/

businesses are already concerned about labour s stated plans not to cut (@ation tax -- paid by all

large firms on their profits -- as the tories have vowed to if they win off

shadow chancellor refused to rule out a five-point rise in cor

;@(@tﬁx .

he was also evasive about the 40p rate of income tax .°

| BERTScore :
Precision=93. 5651,

coverage businesses are already concerned about labour’s stated flans not to cut corporation tax - paid by all Recall=93. 3751,
°
large firms on their profits . & F1=93. 47001
shadow chancellor refused to rule o 'Ve-r;oint rise in corporation tax .
. . . . . . {BERTScore:
he was also evasive about the 40p rateof income tax , into which millions have been dragged in recent o
Precision=95. 1275,
A2C-RLAS years .
. s . Recall=97. 1508,
businesses are already concerned about labour’s plans not to cut corporation . F1=96. 1179}
main rate has been brought down under coalition from 28 % to 21 % . o
4 él:_‘__lr -‘L% techniques: a survey [J]. Artificial Intelligence Review, 2017, 47

ASCER TR RSO B JE T A2C L B AL F S 2

R A2C-RLAS, 1Z A5 8 52 T CNN I RNN 1R #2825 1 3
TBCES ISR SC R I DB B, 1 S 0 T DML R
MU ES SN ES R S AW 255 5T
SR il 7 NGB, SCIR S5 S R W], A2C-RLAS
PEANFER SO H SR BT 55, A 0 47 2 P 28 S e, A0
B 22 JROSCOC A B R T A, A Ak T AR
HHEL

BEAb AR SCRERY AT L2 i ik — 5 bt < 15 de , Al A RT L

fdE IR BERT s 85 , 925 48 A il Ui A0 58k,
AILERE R PR A S S A R . SR, T S AR SO R RN
[R1475 5% T (AT AR 4R 193 M | b= AR SCHif 22
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