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Abstract: Aiming at the problems of missing key information and difficult control of content in the
original text during the generation process of existing generative summary models, we proposed a
generative text summarization method guided by extraction methods. This method first obtained key
sentences from the original text through an extraction model, and then adopted dual encoding strategy
to encode key sentences and news text respectively, so that key information was guided to generate a
summary during the decoding process. Finally, expert network was introduced to screen information
during decoding to further guide the generation of summary. The experimental results on CNN/Daily
Mail and XSum datasets show that the proposed model can effectively improve the performance of
abstractive text summarization. This method improves the content of key information in the original
text for generating summary to a certain extent, while alleviating the problem of difficult control of
generated content.

Keywords: abstractive text summarization; double encoder; key information; expert network; guided

perception

Wit 5 IR I 7 A ) SO RO MR 22, SCAS A S 0 R A A T L WO L B AR TR A%

i B . 2023-09-08.

E—EE® N B 1995, o, WK, B+, NFHARIEF AP BIS, E-mail: 3289480148 @qq. com. BEIEHEE M.
T4k (1983, B, BUK, T+, #32. NFAREF O, fFEKRMILEF I M5, E-mail: whbin2007@126. com.

ES£WMAB . HRARBAIE GEHES . 61966020) Fl = 74 FE 6L W58 1T 21T 1350 H GIEHES . 202202AT070157).



952 oMK A R (B 2R RO %62 %
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Har, & T 15 37 & M 4 (recurrent neural networks, RNN) A /% % F| ¥ %] (sequence to
sequence, seq2seq) 1 BYYE ML 48 BSOS T AR 4F 2R, A 3l SCAS 4% 2 n) b m] A0 ok i S AR I H
PR SCA B G, RO T 5 0 ik A e, AR OR, Wang UV TR T BB A ML seq2seq HE
28, JESIAT R AL T AUE B R 2] . DARE B AL AR i BT RIS B R AL
P gl LA N 2 T IR, See S5 HRE TS AT N 4 R TS ML . FR BRI 45 7E £ BR BT 1A 9 2 1 [ s
MIESCA sl N 25, DUAE U MERR A 28 s BT LI TrEM M ds rhid ke & iy M2, Bl
AN E S, Narayan 5507 HE & A Sl B 2245 A 7 HE R AE 55, 42 00T — FlOR 09 Ul 2R ARk
A S Rk ROUGE PPl 8 tr i fr 2 m il 2k, DUAER S A 5 FE RN E. i BERT
(bidirectional encoder representation from transformers) 45— Z& 51 F5i Il 245 B 7y & J@ , T 2 A
FE A AR TR 5 AL PR 12 L L A 7 A AR R 9 [ B BROAS BE AR B ROR . Liu SFU R T — i TS
Pz 2 AT o B AL, S s 2R TE 2 i S AT i AL IR S Z M IR e bn . B35 1P 4E
PRA B AT 3B TE— @ PR 221 B AR sRECS PPN FE AR AN — iy ) 0, DTG 76 46 28 4 22 v 32 ol 1
AE B R A 2L, Su S5V BRI T — R BT B B AR R AR OO B D v i — A SO A EI R R — A Bk
TV G 5 0 A AP B, A B R 2 R O R U TS T R AT AR, Zhong SR SR
BN LVCARCAE S5 . I Siamese BERT 1E S PEECATAL, Jin %0 Zhu 5507 DS SCRY rh 4 B
B, RFR L MBI R =i, I EI P& M % 3017 R0, SR 5 A1 & 1 53 b 33 P 4 B0 ¢
Fo DI CE DG G R SCR RS EE. Dou S5V R I T — AR BT BERT (9 U4 5 #5 5 AEAY 5@ 2o filf H 45
il B Y 5|15 5 G Ak LA S A o R 2 A T T AT, ) O ol 4 P 2 5 D SO i S BN,
Hu gk, Jiang 55548 1T B 32 BB A BUCAHESR GTASum, Joa 48 i 1 — /> bf 48 32
BT T4 SCA tP VB AE ) S B S8 A AR SR GURRAE AR U . Cud SFV R I T —FR A AR
PRI, 2 A TR e ] 2 35 TR Y (neural topic model, NTM) H#EWrE7E ER/E N —Fh 4 R{EE . LR
o AE U O WERR B PR T AR U LU R, DRI G e R DR A S 4 R X SR A = S — Bk
FEXEE. Ravaut VR T T L RR 581 2 AF 55 % JHER SummaReranker, HEH —4H
TA U AT 55 EAHE P AESE , AT 2 A L BEATER A AL, Zhou FFNUER I T — R EEREMET]
PERI2% 5 R0 Az R SCA i 2 rh OR B B 2 0 OB BN (EL Pl B A SR R s P A R B T 45 R 2% H
P ] — D G Tt 2 ) e Tl 00015 LU, 2R R S O A R o D % UIAR U IR AE A b, AT
BUE A B = G HE N 7, L A AT E S R SR AR,

1T 50 B e SRR A )z 0 AR R AR AT A iR ROUGE J3 B 28, ORI Su
Y IR B AT DU 2 2 A 30 SCA i 2 R M L (R0 22 0 N A A A G R AR MR . AR AR AR
BN EANF AR CES, 5 REF LR, Hlan, X SCA“The classic video game ‘ Space
Invaders’ was developed in Japan back in the late 19707 s”, A W 4% Z 41 “ Video game *Space
Invaders’ was developed in Japan back in 19707, 4§iRHUK: R SCA Fp BT 2R Y “7E 20 40 70 407 %
IKOPEAE 1970 4E7. BEXT X R R) e, 0 R R 4 0 S SO A1 . AN LSRR B 5105 T AN ARE SR IR A i
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Fig. 1 Overall frame of model
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Fig.2 Schematic diagram of two-stage training of model
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Jd,
Ho Q. K.V 7 | Fon A if ) & | B AfE M, d RasEm e K MR, Attention(Q.K.V) &V
A IBCR [, 8 YT A B R SCfE 8. XF Transformer HAYTEE ALK R FHZ L 58, H Q.K.V &
AN YRR N R IR AR 1/h, R A b kB PHESE &, B VR IE s A EE T,
XFEZ KR A HLE R T — AR T RAER T BT I 20, A RRN
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T 2, =LN(z, + SELFATTN(z,)), 7
- .® 2, =LN(z, - CROSSATTN(z, . H)). (8)
- t%2) (%3) (k%4) z, =LN(z, + CROSSRATTN(z,, X)), (9

Ho LN HEHE—-1LFER.

Y- AV IR 2, A BRI R IS

JeTe DL AR B W, 45 31045 L 50 T4 E B ALY
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Fig. 3 Expert network MRS, B TTEETE T .
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2% Fedus "B TAE, SBEZANLHMIL, 7!<§C71<FH — TR PSR L 7 A JE O R R A, R
s — AR5, I A o 20 £ i RO ARl i L KM 4 SOk £ a0 L % 0 IR Al E

P(z):max{j),(zz)} (1D

R 4 2 1t S AR O R AR AR A AL, B A
Y=P(z)E (z,), (12)
Hp EGORRMEERMA 2, 51 DLEWNE . TERB R80T, ) Softmax J2 K % #5% 1 i

H B 45 O 47 S 2R UAE R
1.4 WEREH

TEIN 2l T vh R FH 58 SUIR 0L 2R pRES . PR 28 51 1 SR W AT 4 o ol 28 090 8% 1) 02 Ak g 0 0 2 )
BE, B R LG, AR AT I AT IR A R RS Y BRI B R R, B AR AP W R B RE A 22
TP R AAL T TE T YN ZRAHEA H one-hot #3250 1 (B MK, % 1 T 5 one-hot #2850 3 # /Y i
Jo TE— BB 13l i AR T U SR M T EFR R E H AR a8, DA B S BT A A S e ). gt
BRI 1Y 38 SUIR A 2% AT R oy

N
Loss = — Z LSCone_hot) * log(Softmax(logit,)) , (13)

H.H one_hot %F#ZIU‘TK%%E@@#W?E, L.SCone_hot) TR & E W HAE R BOREAR#R25, logit,
INRE S AN eEREEN R L.

2 KWE5SH

2.1 KIGHEE

SEUS SR FH T M E B S0 SR HE 2 CNN/DM Ml XSum, & RIS B8 TR 1. B
CNN/DM 1 % M 3 [ A B #7199 CCNND A4 H R4 9 (Daily Mail) 1 0505 B8 8 SC 28 B X o ) 4% 2.
AR A Hermann 207 GhBUS (9 RRAS , Horpfu 5 287 226 4808 I T4, 13 368 4448 FH T 4614
11 490 05 H It , U120 0 J SRS B9 2508 - B0 A0 760 S Binl, 29, 74 AJAL i HXE R
AU 53 AN . 4k 3. 72 APl AL, BdEAE XSum v AR R B 1 SCE G R AY B — A iE . HodhoE
g 83,71 %, WL EE MR, A i Stanford CoreNLP T. H 404 # SCATE A, I X 52 56 54
P AEIEAT AL B, i A SCRY BRI 512 A4 R

®1 BSHEEESR

Table 1 Information of each dataset

SR K WE T B K ZEMBET
¥ : EHE X G/ gk /)
SR R GRS WAl WM B WTH BRI/ Y
CNN 90 266/1 220/1 093 760. 50 33.98 45.70 3.59 52.90
DailyMail 196 961/12 148/10 397 653. 33 29.33 54,65 3. 86 52.16

XSum 203 028/11 273/11 332 431.07 19. 77 23.26 1. 00 83.71
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2.2 EMIERR

30 SCA B R IEAL 70 AT 43 Sk YRR TEAG 75 vk AN AS 07 i B 2. RIS 7 e R A L JF
BT S H B ITAN A R B s AMRIE AL O R AR S E R AR SO Lint ' $2 H G N FRT
#r )7 ROUGE $8 bR AL AE i 20 . ROUGE $8 b5 3 Z 3P4 A2 i 5 5 2 % 1 5 2 6 iy 3L 9045
B LG R R, PPN R AR o BOR B, 0 R B AR 0 i B T I B . ROUGE W #r 46 bn # 15
B ROUGE-1,ROUGE-2 il ROUGE-L, H:# ROUGE-1,ROUGE-2 43 5l 22 7% 2k 4 B 5
S FE IR _ItiE N EARE . ROUGE-L #REMME S S5 ME T R KA L FRIINES
FERE, HATR BT .

Z Z Countmmh(fl‘gram)

ROUGE-N — S€Refl_ngmmses
2 Count(sgram)

S€ {Ref} ngrams€S

Horp gram FoR n A, {Rel) BAR B EHE, Counta (- gram) R A AR 2 5 2 2% 4 22 b [6) it
HE - gram FI%E, Count(rgram) TBnSZ I E P I - gram FEE.
2.3 ZHIRE

A SCHIHI 2R BERT-base-uncased B BI9) 46 46 SCR i 25 . I BEWLW) 1A AL MBS 6% .l T B AL B2
T RELERE A Y Ghoid B2 o PR AR L — 2% ] ST T A AR, T Adam A5 i TR BE Y — B AR A T
A B AE AL T D A TR B9 S BOR T ST Y A IS A AT A, D TR AR Y B Adam AR AR ST R BRI
FRA 2X107°, EBE L =0.9, B.=0.999. il P i i 2% 15 A B 245 AN DT 0% [ &2, >R 18T 04 A
THRI . 315 G B s R0 i AL 5 0 0 A A

Irene =2 X 107° « min{step *°,step « warmupp¢  » (15)

ad

Irpee =0.1 « min{step *°,step « warmuppic | » (16)

Hor, it > %K 0,002, warmupese =20 0005 #8272 3K 0. 1, warmuppee =10 000. A B 1k 5
R HLE . B AEL KM 21 Dropout K 0. 2, LM 4 )2 K Dropout %4 0.5, LR 2 ME N 4. 18
DB Befilf FH A A R AR AT RS, /MRy 5. S28 R 5K GTX3090 Ti(GPU) #E 47l 4.
2.4 XWHERSW
2.4.1 X ER

SR UE B AR SC 7 B A R S BT Bl DL JE AR AR O T 4 DA SR v e TSI 6 5 2R

1) RNN-Ext-Abs-+RL" . 558 Ak 24 2] 19 /5] T 9 1 SCARH 224 gl 78, 2 %6 B /) 7 36 47
5, R EsRAaE ) T pyBR SR N , PR ) R S A S S R R e, TE— S B i
TIUAR N A A L.

2) Bert-Abs"'™'. Szl 53 BERT i YIl 25 455 50 2 A5 B SCAY . P R SCRY A9 B F SRR i A 3
Transformer f# 5 a8 /A= % 2.

3) Bert-Hybrid"* « H A — B 9IS A= miR G HE 48, 5 iy 3l BRORE Y 36 5 05 4], 2B AR 280 AR i
JIT k) F TS L, T O A A ) W PR S ) R i 8 B SCAR i AT 55

4) Bert-Ext-Abs+RL™"Y: JtF BERT MY Hli B R 2200 A6 B 22, B4 fe KAG T8 2o 5 1k 2 2] 3R 15
M9 ROUGE W45, Hi AR 3R BUA) 4% 22,

5) Bert-Ext-Abs™* . S il B 2R A BertExe fil BUR L, 85 il B0 409 224 Sy it — g A 21 4=
B A ZA A BertAbs W, 5B 4 A5 AR B 2L

6) ESCA-BERT™ ; kg — Pt (1 41l - 25 BOAE 42, 20HE 2800 3 n] A ek, 0 A% 17 Joxed 0 ) il i
BERY, 55 LA F G AR I A A R R T A i

7) Bert-Copy/Rewrite-+ HRL'™! . JeF 20 )25k a% ) o B H — g 2 3 09 58 4k 07 25 B il BORE B
FVEE GAHGE A — S, AR T AR B O3 M A 2 AR S ) 2 Il D) e, B R A R g

8) T-BERTSum'*" ; 2638 i #h £5 3 B 70 (N'T M) B4 S 50 B V8 7 32 0 6 7R 5 80 A B BERT %R i
FIVCHL, 485 F A AR, SR)5 Ead Transformer 4% 2% 2] KB OG22, LU 31 35 A9 07 2036 A 6 &R
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= R LR SCAS A7
IR A B SO R AR H i B CNN/DM B9S2 B0 45 2181 3% 2.
£2 TAEDIFMEERELEE ONN/DM EHLRE R

Table 2 Experimental results of different automatic text summarization models on CNN/DM dataset %
HEL A ROUGE-1 ROUGE-2 ROUGE-L

RNN-Ext-Abs+ RL! 40.18 17. 80 38. 54
Bert-Abs' 41.72 19. 39 38.76
Bert-Hybrid"™" 41.76 19. 31 38. 86
Bert-Ext-Abs+ RL™Y 41. 90 19.08 39. 64
Bert-Ext-Abs"?] 42.13 19. 60 39.18
ESCA-BERT? 42,01 19.52 39.07
Bert-Copy/Rewrite+ HRL™* 42,92 19. 43 39. 35
T-BERTSum"*! 43.06 19.76 39.43
AR 3L 43.26 20. 30 40. 14

2 AT, A ETE ROUGE-1,ROUGE-2 fl ROUGE-L ¥E#r 8 b5 AL T HoAt % b 05 . %
. RNN-Ext-Abs+ RL,Bert-Ext-Abs+RL, Bert-Copy/Rewrite+ HRL # &I 2 (g [ 5 1k 2= > 8¢ 52 Hl AL
il B4 A BV, AR SCHE 25 TUPEAN 48 bR b 0 S B0 B8ORS A BT EE T B AE AN R 4 Sk 1 L
T SO SCHEE BAMB S, BRI &S B SCARM ET WA, B T AR E RS E. 5681
RNN %ifith 45 4 RNN-Ext-Abs+ RL A6, A SCHEA SRR WA — & #8271, RUIE ] BERT Hi
YIZASE TR 2 i, AS AN AT 2 o A5 7R %) O A5 RE 7 o 1T L T 488 v A 00 %) SCA 1 SR AR R ICRE . AR SO kAR
T A 7 1 ) O DR R e A OB A AE S S AR B, AT E — i R b g | S A A 2 O U R SR Y
BN . A AR S RSO NS IR 225/ Oh — D i, ASCHEE R R IR IMAT & 5 W 45 )2 i
— AR R, TR IR N AW E . LA R, AR R A o CARRZ AT 5 LA
R, BEAL . AR SCHAE AR B R A BE S XSum LT TSI IR, LA TR 3. R 3 T,
AR SRR PE BRI S, ERE XS T i il BB His 4 CNIN/DM P fig KA.

3 TEAHIXABEENEHIBE XSum LHIHHR

Table 3 Experimental results of different automatic text summarization models on XSum dataset %
HEL 7Y ROUGE-1 ROUGE-2 ROUGE-L
PTGEN"! 29.70 9.21 23.24
PTGEN-+COV 28.10 8.02 21.72
TCONVS2S™ 31. 89 11.54 25.75
FiNS'd 37.13 14.71 29.45
2.4.2 BEMLSN
% SO P BB SO e I 1 AR 3 s g
B (R R U A AR R A 2 e DL 2 R B 0 -k

Lk I, THEEE S CNN/DM Hr AR S A
R R R, g5RmME 4 R, fE 4, A
SCHLRUAR Bb T L 2R A R TR R I R IR, 45 R R
AH 7S S A T SRS e i A AR D G R B
SRR R DA BB 2R, IR FLBCA TR

A E/(J g I TE"F{%‘ ‘% X 1-gram 2-gram 3-gram
2.4.3 HEER B4 FAEEREFRBENEEER

Sh S TE AR SC O v R AR py B L, R B AR Fig.4 Repetition rate of generated summarization
CNN/DM E#EA7 5, SR8 001 F 2% 4. i by different models

FATUL, AR EEA] R R 5 DL LR AR AR [, FEPE AT 3R A ROUGE |4 %8 T 1. 64, 1. 21,
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153 ANH 7 i SRWISCHEA) BB AT LA 205 | SRR, AR SORE R~ 2 T AN AR G 5 5 | 545 5 AR ICSCA
MEENE. EMALZKME)T, A SO G 1 8 iR, SR T 25 B AR R v 4 3 24
R4 HEXEERILL

Table 4 Comparison of ablation experiment results %
LR ROUGE-1 ROUGE-2 ROUGE-L
SLLpi R 41,58 19.02 38.53
R R 43.22 20. 23 40. 06
K 43.26 20. 30 40. 14

2.4.4 EPIam

25 5 H T RELAE CNN/DM HOR TR RY A4 25 5. i 5 nl L, AR SCRERL /R 305 42 CNN/DM
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Table 5 Output results of different models in CNN/DM dataset

2% 4% . Ron aydelott, coach of the riverdale high school warriors in murfreesboro, tennessee, sustained serious

facial injuries in the attack.

FH#m] . Ron aydelott, head coach for the riverdale high school warriors in murfreesboro for nearly ten years, suffered
serious facial injuries in the attack, which will require surgery. Witnesses said aydelott in no way provoked the attack but
that the 17-year-old alleged attacker became violent after he felt ‘disrespected” . reports news channel five network. the

boy was reportedly in the coach’s office in order to turn in paperwork concerning his trying out for the team.

FLELEMIAY . Ron aydelott, the head coach of the Warriors at riverdale high school in murfreesboro, tennessee, suffered
severe facial injuries in the attack that required surgery. Witnesses said aydelott did not provoke the attack, but the

17-year-old attacker turned violent after feeling *disrespected’.

A CHE# . Ron aydelott, head coach for the riverdale high school warriors in murfreesboro, tennessees suffered
serious facial injuries in the attack.which will require surgery.
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