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Unsupervised Script Summarization Based on Pre-trained Model

SU Qi, WANG Hongling and WANG Zhongqing
School of Computer Science and Technology,Soochow University, Suzhou,Jiangsu 215006, China
Abstract The script is a special text structure, which is composed of the dialogue between characters and the description of the
scene. Unsupervised script summary refers to compressing and extracting a long script to form a short text that can summarize
the information of the script. Therefore, this paper proposes an unsupervised script summary method based on a pre-training mo-
del. By adding pre-training tasks for text sequence processing in pre-training,the generated pre-training model fully takes into ac-
count the description of the dialogue in the script and the emotional characteristics of the characters,then the model is used as a
trainer to calculate the similarity between sentences and combined with the TextRank algorithm to score and sort the key sen-
tences. Finally, the sentence with the highest score is selected as the summary. Experimental results show that the proposed
method has better performance than the base model,and the performance is significantly improved in the ROUGE evaluation.
Keywords Pre-trained model, Pre-training task,Script summary, Unsupervised, Sentence similarity, Dialogue
JRAS & — TR B AR o i S B B DB 2L B TR LS
EALFEX R AW s S TR R R L R AR 36 52 AL
A SR 5 O AR & BRI A S SR SR — DR B A R YOG B O 28, B B B RN 2 A
SRR AT AR R AS T8 E A A AR R R R R A, AT ] F B A A B B ) 00 U R
T SR g (5] 35 A A SR AR SR T iR O e R P9 Ak S A 2 BRI, [%: MNEWAE, AFEMEAEFE, |
Pt L B A B A o A B P B TR A D T R T L LT
JEAS PR S 3 AT 55 TR A JR A S, R S R SOAS R . {HLR — Tf; lﬁii}i”%
KT AT T — MR SCA BT A 55 8 M1 4 30 10 S0 R R BOT AR
1. LA 1 A DA JEE IR A o el BCH 1 doe BT AR SR 1 )
BT LUE R A 20 32 BT BRAEAE T sl il A

Ykt 72 o, — A BN ZRAT 55 9 NSPCF —Ap fti) . F 5
HWARETRESWA ERCER, . F AB A 14,

DT —PAK.

Y b T U B I A R R CREE RS R S
AN B I B LB L 2 IR 5 T 0 B S A 4 Fig. 1 Example of unsupervised script summary

B R X e B S B RAT R IR . BUAE B T R A
TS — Mk B 2~ 19 L R LT JE IR 1 S L 2 > g A A
T B — AR BT SCAHSC R R R BRTEEILF BT A A
SRIE AL BT 55 T AR B T e Ak 9 &R . BERT! A58 Y it

FH H W] :2021-11-03 & & HH.2022-06-28
U H  ERARBH4(61976146)

Z B NSP AL 55 B9 ) %, S 1 S 4l ) TR0 A B 4 R 45
KL AR SCHE G T — Pl AR T 24> 23 2L 55 19 TN A8 2 114 O M
BERIATGZ Tk . BAAOR Rt 2 7 B Zr B8 BUE 1 5 o
B PTA W G AT 55, 78 BN L B LA — 52 04 8 58 % 4 - A

This work was supported by the National Natural Science Foundation of China(61976146).

WA EA - (hlwang@suda. edu. cn)



S T A BT TN R A TG M A i

311

B A AT RO . D RS 55— Ak A R — %52 2
ok H R — A8, EAT 0 B, w5 O TN R R AT
TR FT , AR T 114 5 5Pk BE ) AR b 5 A TE L Bk i A
T 54 A BRI WA T o 2 R R T 4 SR (bR 45 ) —
ALk AR HEAT I 25 5 4R J5 FH B 25 K 45 0 450 A0 o 11 53 )
IF1) A {815 5 AR 40 4] (8] A ABLJEE , 45 & TextRank"™ 5 21 X6 47] 7 iff
4T 5 HEY e e B e AR R A 245 B A F AR
W,

ARSCH 1A A T AR5 2 71 A 48 T 25 B A 11 A
SIS o LA B AT TR AR BLBE 153 A O Wa B R AR 5 225 58 3 T A
28 FLAR ST I J S 0 45 SR A3 AT 5 I R RS AL

1 HXIE

TRl A J7 B2 A ol S SC AR A B R TR AL AR R DA X
B AL A0 SCAS S T DA S AR 418 25 2 B 2 X X 3% T R A
7 SO LR 1) 2 2 T T UI GRS 7R 10 I W A B iy 1 3 3
05 o 3 JUAE Liv® 2 i 9 BERTSUM i I BIJZ (4 Trans-
former™, B H T ORI 22 T0E . Ryuji 0 42 1 9 —Fh
Rl A1 FH A IS , S A8 0% T W o 21 it At BBOGH 375 475 B A w22
W25 R, Pinelopi 47 #2 HY 77— Rl FH Tl < Jih A 2211
S, HAR Y5 AR 08 SN AGR S5 1 IR LA o v A
WS, DB AR IR G 5 9 . Zhou 25170 & il B 4% 4 ik 32
J7 I AEAE TUA I (0 9] J0 L 42 1T — b L7 0 1 S il B e 19
MBCGUIEE k. 2021 4ELLK, Feng %50 32 4 W) 2k %1%
F] A A A 76 1 Sy — A I W B ) X 33 v R R A B EL A I
Sl B A 1 1 SR PRI B 5 B . Zou SR T —
A G T T AR B R R R 0 2 UR B0 2R KL R R AR
e BN GRAE 55, RS HUAF 5 2k 2 2 SR {5 B . Chen
LI T — 23R B 5 (CODA) J5 ¥k T2 W B 2k
S T B ) 0 ML A e /A B £ i R A AT R
o 1 B 5 8 SCAS o B IS T R A O B T X R BT SCAE LR R
SC 5 it FH OR 97 S 6 2R bR S0 0 T 194 97 AR R 4 AT U L AR
FRig i a3 b HE AT MM . Zhao 2 83 T — > B Al
SR 52 U T B0 ST P, DA B AE L 35 45 T OF B A 3
B, Zou SEUTIHRE T — R B 04 32 ARG R B 9 B X i il 2
A FUER N b 22 T RUAE AR, B e A P R SS  TE E EE

Bt AR A R, PN S A R A B 1Ok B 2 B O T
Dai 4568 JH 38 5 07 51 1 25 it OF o036 078 21 40 22 I 2% #)
Fe g2 o3 A o Je B B SR A B 9 JF 3 . Devlin 45 $2 HH
B BERT, & — B 2R 75 5 R AR AL & R T8 B0 48 i i
TR B A B TR B ) XU B R AE . Zhang SV B T
F B LA e 5 i A AE S . Liu 555942 1 T3 F BERT 19 3C
4 G 2 ) i 12 2 B i BB 3R 08 SORS I 1 5L FF A8 S0 19 )
TAFRRURBPRE . Li U5 T LSTMY 22 [ 2838 ] T
J B BUE B RR A BT T — T XA T SO A b 2 )
AR,

T 9 T ) A 3k e A e S ) I W A T B A e
A B TR LR BT BT D T R R T W IR AR X 35 4 A
HEA 3 TG A X 0 37 S RN B R AR SR TR
FHE i E A B 264580 BERT .« 38 o 38 b 953 01 04T 55 L Fg e
TE A A R 5 4R I 58 T AR AR 8] AR RLEE T T T M i B
FURETY AR A4 22

2 ETHIIGRENTRERAHE

AR A G 40T B4 I TR R 55 R A AR T O
TE TN 24 iRF 3 3o 3500 A4S I 44 55 of 2 W i A2 5k A W)
— 3 SR e e 26 A ) TN TR X S A 4R AT
S B RSB PR Sl = R iR A2 B U T
1 AR AT IS5 L Sigmoid 3035 pR B0 i kA7 AL B
Bt — > 0~ 1 BB g ] 1R) AR L BEE 5 2545 70 B il i =X
MERA TextRank X 4] F #4711 40 HET 5153 435 19 JL A
VBN IR L
2.1 WlG&REHaE

BERT #8 B B )l 5 1o 72 v S A A W04 T R 4F 55 MLM
(Masked Language Models) #1 NSP (Next Sentence Predic-
tion) . MLM JE 48 58 TE BiZ5 AE 55 . BV £ 40 F o i ik 28 14
LE AR 2 0 B A B B R AT 4 . 7R NSP b BLRL R B R T
AR F 2Z B KR E WA B ZA G S RARE .
SR P 2 R S [ T A AR08 A B0 X T 2 R Y S A
TR AAAR O TE AR AR 1) 7 [B] 119 OC 2R L R ) — 37 5 TR —
NP G 22 ) B A AR 5 Y IR . FRATHRUR A h— 4R
AR o A A R AT BT A 2 R .

[FFE—: FELE
R+ BREE

A D
ik, G4

RIZmAY k= ki e, KitIEEFREI8ER., |
A EAR Bi: (FHEMA) MR, TR

Tk, MEE—7.
it kB, £T.

(1D R Attt att 2l AR
tRami, fRAIAIXATHRET .

3 . FEEHEBSH. )
At E, AR, ATt

REH: T2 ARG LT RE-RAKD? R EH?
P 1, TMELEAARRERARNIALAE- L, EEALRTELR, ARG LAMES

(&= ERFOHRIBEETERE, ]

B, REFNRT! AR FTEXETR —FH.

F 2 BN AR

Fig. 2 Data set content display



312

Computer Science THEMEL2: Vol. 50, No. 2, Feb. 2023

EUL AR R B AR R, S S0 N — A B SR R T A
W2 AF %5 : APTS(Add Pre-training Tasks-Secene) fll APTP
(Add Pre-training Tasks-People), 7E il 2k i 72 w0, £ 98
A2 BRI A WIPRALE T —4), — PRI T
—H, 500 MEAR BUEIREE A B SEER T — AT [ R
EHXIFBMARGRAF—Y5.A 5B 8T HR—&s0,
B AR A E — AT R R L 50 90 Y A % 2 ok B
AR AR I BEATL 7] - (9 [ B, 5] FF 55 2 BEAT s N Y X 45
AT S M bR b A5 %5 IsSecene Y NotSecene, IsPeople 1%
NotPeople, BUff 1 5% 0,

AR SCHYIN AT i by it R AN 3 B . B Sk A ST
A AT AT T AR HE AL A A < IR BOHE A R e AR 2 I EUHE
23t NSP, APTS I APTP {E 55 JB Wi B F 1 9F 52 F1 NSP,

Yt AWK R PR K PR R 10 7 F AR 2 Mask J5 (19 4]
F UL RG] AT 0,1 07 B R B 45 (A IR R 0,
B A1 2R 7% 1 ALY S50 1E A . 7E B R £ XL
4 B ERZE 43 BRI A BERT 524 7 R [8] i H 4R 1155 loss,
RIGIHATHEE T Rl . ARHEEATHY loss. 38 i 38 UMK %
T A 5 2 DU 3 AR B SR AR Y loss, A=l (D) TR
L(0:0,,0, .05 ,0,)=L,(0,0,)+L,(0,0,)+L;(0,0,)+

Li€0,0) (D
Hrfr,0 5 BERT ' Encoder #4319 2500, y MLM 4% 55
TE Encoder | T 1% 2 w0 B9 2 50 6, 0 B8] F 41 48 70 0 4T
55 vh Encoder £z I [ 5025 28 280 6, o, i 9 S8 1R &
A F 5 5 BMAT 55 H Encoder #: LAY 2R 8 S B+ A Y
AT 45 o Encoder # E 2258,

I BERT |
£ 5
| rifecord® B, 45 \BERTHER TS [
?
0 0 0 0 0 0 0 1 1 1 1 1
tokeIILa token_b fﬁ iﬁ iﬁ i’ /‘\ ﬁﬂ
R 88 TRITO RS, RRNEARE AR KR xR
[CLS] MASK| [SEP]| [MASK] [SEP]
: _ tokellLu loke'uj :2? z’j i? N
FHATMASKFIN HAE S, x4 FHAT ALK
*
[CLS] [SEP] [SEP]
i . AH 4R L7k S A4
token_a token_b ‘2 E g *Z
Wl FH4E. R AKX F, T4 THE
tokelniu
AT HE, FAE
?
AFaBEf+: WEELMEN?
3 TN SRR A R
Fig.3 Flow chart of pre-training model generation
I AN N a8 3R] A A ] N
E% %ﬁﬂj*ﬂ%@ﬁqﬂvﬂ MaSk EJTﬂ%njﬂMvj‘:’ L1(0,3,1):—210gp(71:n1\5,(91) (5)
i=1

TR VI KN A B 1 £ 40 25 1] B8, BT B0 4532 ok B0CH
B AL AR R B LR SR /b S5 A T S AR G SO BLAR BR 450
5 T = DU A A % BB B T T 40 2 M) A 45 KRR B, 4
B %t R T 3 B N TR, A O 48 2k R B TF AR dn
K(2)—K G PR

Ll(@,01):*lilogp(m:m,\5,91) (2)
Hd,m€[1,2,V[].

N
L,(0,0,)=—2logp(n=n;10,0,) 3
[
Hodr, 5, €[ IsNexts NotNext o
N
L,(0,0,)=—2logp(n=n;10,0,) 4)
i=1

Hordr, 0, €[ IsSecene , NotSecene ],

Ho,n, € [IsPeople, NotPeople],
2.2 WilgHBMIG5aEaR0ENITE

B 2.1 75 0] LAAS 30 AT G T SR A A0, (o o A R 3
A AR LR . TEIX — 25, U SR di A B £ B D PO A A
AR R — R 2 AR in PR A S 2 AR AR . AHAR AR IE S 1, AN
AHABIN A 0. Y B S i A e R ) & L SO ) RV
I A, SCAS T U AL R b A g )L R
20 AR I A R R AR B T 5 R R R B RA .
AN e o P 7 N s <O B R e 1 N e NV
AL T A IR AE SRy B B Y A A, 2 R i 3 Sigmoid ¥ T
PR B KT Ay e R AT AL B M — A 0~ 1 R R (E AR A
A TRD AR DL B L 3 R 22 R T W B il R A A A R R AR Y



S T A BT TN R A TG M A i

313

Kit, HABAIE M 4 R,

O~ 189 3% & %0
4
OO EMmE 0@ E)
Our Model
fed (2] (2] (2] B (] () (2] (]
A

Posiion ﬂ--------

Emebeddings: ¥

Segment  [£1] E E H - H H H -

Emebeddings: 4

Token H---Wﬂ-ﬂﬁ

Emebeddings:

Sentence 1 Semencez

Pl 4 ) AR BLRE T F A 78 ]
Fig.4 Diagram of calculation model of similarity between

sentences

2.3 ZTHREBRIABE

B 2.2 1 15 30 B A% A B4 g )R ABLBE A Sy deh B3R £
WG AN /6) A8 A S R AU W, o AR SOl TextRank 45 7 42
U 22, TextRank 5% 3% /& i W 00 3 22 o HE /57 57 % Page-
RankM'® SRS 19, TextRank 8955 17 41 g “ 7 4 ™ | 1y
A i A I N B U Sy e A R AR il T i i o
PageRank WA [n] JCAL AR Ry Jo ml G AL . & 5 B S0 A 43
F T=[S1,S:,, S, . XM FTHENAFS, €T, XTH— ﬁﬁ%
)RR AR 12 5 9K i AR 908 452 P 3R] 2 S B 45 TR, R OR B
PRI, 04438 Bl B RIS RIS, = (10 s tin s e st ],/\
T, A TR B R R E DG M @ R G=(V,E),V
T G R DL A iR I A AR R SR R B R
WMWY S ZE AL, BAEW, A6 GERIERE
RO 5845 4] F 1945 43 B RIICSH

W.(Vo=0—d+dx*» 2

V, € (v

Wi
STW,

Vi oucv;)

He A5 2 B A) T A5 20 BEAT BT R AR R BRI
L o 09 M) AR O 5 A AT

RSP BEAT X EL B4 AR E 44 27 - 34 0 100, B DA 3R
AT R ] 52 58 AR IR 4 2 AN 2 F 100 A G Bn) DA 4k 2 )
Hh i BB T BB 2 Y R A T B A BOR 2 F 100 A

W, (V) (6)

3 KBWREMN

3.1 RBHIEE

AR SCIIT I S 0 B0 AR R R AR SRR A ), S 228
B 228 IR I SCR A 5 SCAR R 800 A, A — 4R
£ 8 A LU % 175 210 B A B, XoF 7 1 A E A SR A
Wikipedia P35 " W15 5], CAR DB G IR OB TIBN.

A ETTE B I I 5 o o P TR 7% € [ i B
WA Hodr, B2 BHE 4R J2 % B 22 W03 4R 19 o A ) 7 AT
T, e R E3E  F — 4] 4 B F X &3k A Bert 347 B
GRBE BRERIAE 2.1 WE AN A, IWEERTE 100
££(98—170,201—228) B &) BEHL PR ZE (Y 85111 4~/A] F X,
AR SO I 4G A T B ) (] RE AR I T B Y I R (R

D https://en. jinzhao. wiki/wiki/Friends

— A A2 DL [SEP#E A7 i 82 19 4 F X0 . R4 & 171 —
200 SEAYFT A ATt . AR SCHE Y A0 AR 0 2 3o YIS 5
T4 B A ) T X A g T AR R BE K I M A A A o
PEATSC, LIRS 171 —200 EAOIH 2L, Bk FE 2.2 T 2.3
WA, 21 AT BRI A XA B S
Bl B AR 2 I A i A B om0 5 8 B0 IR B 15 e
ST L S R R (3 5 b e N L B RN B
AR IEFEG & AR R SE 700 ) 7 NS 2 1) n - B AR R
Ui 8 2B B9 27 00 A T AR SR 2 R AR AT 0 — 2B b
ELAH 20K A S0 3 P B R . AL AT XA DL LR RS
B 1) A AR P X TE 5 20 ARS8 A 1 % 15 5 3) g sl b K&
I B2 19 NG 18 ) B S iR ORG24 4
WA TR E @ ERNNBORF 7, &5 T a1,
DA Ry A ) G0 I I I I 1 O I A A I T AR S R T
MG R R R HER . TR A, 7
AR SCHR RS2 8 DA KK S b L BT R BOHE SR — R

F1 HREPATINGEIHEE

Table 1 Sentence statistics in data sets
BE/ B # BUA) T A AN B/ At
T % & 198 227387
% % 100 85111
IR % 30 2624500

3.2 A

A 3CAf ] ROUGE 1 2 6 W 8 il BB 40 22 19 37 0 A A
BN N TR A 5 RE I KR 35 001 5 45 B 5, Lin F 2004
AL T ROUGE A T, HEEA BAR . 1y el it 2
ALK HNAT N T ZE, BB A AR MR A AR 1% &
G4 IO B T R A AR HE R AT B S
] T & SE AR BT (n JTHE I 3 )5 B0 A XD 4 L R IT M 4
BB . ROUGE $F4 77 ¥ 30 E R0 4 2237 1 K 038 1
RfEZ —.

A3 E B T ROUGE-1 (B 41) \ROUGE-2 WL 41)
Al ROUGE-L U & 28 367 )57 511D e 37 I 592 30 350 5
3.3 tERELI

ARSI BF LT 10 40 B S8, TextRank J& 4% 3C 1Y
Baseline £ #1 , X} H AR Y iR 45 Wi & (Supervised Learning, SL)
I B2 5 B 43 4% LSTM, BERT, UniLM™ #il Seq2seq® , J¢ W
" (Unsupervised Learning, USL) # & 44 #§ LSTM, BERT,
BERT+ APTS,BERT+ APTP fil BERT+ APTS+ APTP (%

Ja 3 AN RARSCHRE AR . JE M S R S TR RO 5
A1) AR BLE L 9K )5 45 4 TextRank CTR) 65 20 4l B i 754 &5 B9
AR

TextRank:Baseline 7, 148 & 5 F B HE 5 19 535
BRI RE SC A i A — ) 3 AR S T P B — T R Sl 2 B e )
AEARLBE B O 34 A 41 43 3 5 2k AR 28 A TR]AH B 8
R T RS S RS A s ) LA S A R A

LSTM.: il B AR AL, il P X1 LSTM 2, 43531
Xof AR 0 B P AS ) 5 E AT G B, A B0 A A T B SRR 1) L IR R



314

Computer Science THEMEL2: Vol. 50, No. 2, Feb. 2023

T 159 3 (1 B A 7] 2 ) Softmax 2R E0H5 F AN 40 A =22 18] 1Y FE
B R RAHLBE HAE 0~1 Z ],

BERT - $i1 B X470 2250 80 , 45 780 8 A5 2% JR R A 18] 1 3 5L 45
BUKEAYEE. FIH BERT 1E Ml 448, & 5 5 8 — 4~ —
MR . AR N —A 0~1 Z ] B 7% S8 FoR ) Ta) AR
I .

LSTM(SL) 47 W e =Ch A AL, FIA LSTM W 4%
ViR I 25 B0 I 5 8 1 3 48 96 4858 Dense J2 J5 25 8 — 4~ =
Gy FEME R AR, e S 3 TOAE R e e 1 JL D I AR S R A

BERT(SL) . 45 W& i L= i B A 20, I BERT M ¢
YR k2% . # F] Transformer /N3 A0 EEHEZR 5l i —
A T4 2SI 2R Mk TR AR B T A {H L R 3 BORE % I e Y LA
AR R4,

Unilm . A W B AR, 1 BERT 250, i H#Hg 7
Seq2Seq P12 J5 3, W F2 MR SCAR A SRy B A 1 o i 224 R
i 3 ¥ 4

Seq2Seq: A7 W B AL AL, J& T Encoder-Decoder f)—
Filr o ARl 2 A 6 RNN: —~ RNN /£ % Encoder, %5 —
™~ RNN fE4 Decoder,

BERT+ APTS+ APTP . 4% 3C T #2 1 (19 208 e 4 i T
G W B Al B A AR, A IR o T A B AT 5
T T SO R — Aok B W — A3 5 M A 8RR T
Y2 A B A B4 Sy DI 8% L B R AR 3 — A o MR A A5
GEREHN—AS 0~1 Z 8] {1 7 A58, 678 A IR AH DL .

BERT -+ APTP . A SC BT 2 Hi 1 F 0 W B 4 B o 2 45
A A I — A T GRAT 55, W00 P AT 3 2 5Ok A TRl — AW,

BERT+APTS: 4% 3CHT 42 H ) FH - J0 W8 4y B X 4 22 45
WA — AN B ZRAT 55, B0 P A3 2 15 0k | Tl — S 5.
3.4 XWiEE
3.4.1 AT

FETAL BT, S T T K R — B, AR SO B A i X
L AR B W) 4 38 o 4% ER 3% 42 JR RCHE T B DR B T
M. 8 3 AT AME TN 10 SFRF, R F RN
BN o« RARR ., A T SCA PR B R AL b B
KA 5 FTR .

| 2geewner BB YR M. AR, F07 RERA,
| 20gEemkeenk UL BT, BRRH. BRERIKE,

| 228weRmeR I W S8, 2D

| 2agwessnn BB AT P ETEFTLET

& 5 Ab B S BB R
Fig. 5 Display of processed data
3.4.2 FBAMKE
WIS HORE MR 2 .

*2 ERSHNE

Table 2 Experimental parameter setting
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Table 3 Comparison of experimental results of unsupervised models

Model ROUGE-1 ROUGE-2 ROUGE-L
TextRank 22.2 2.5 12.2
LSTM+ TR 22.4 1.8 10.9
BERT+ TR 23.2 1.8 11.5
BERT+APTS+APTP+ TR 26.2 3.9 14.0
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Table 4 Comparison of experimental results of supervised models

Model ROUGE-1 ROUGE-2 ROUGE-L
Seq2Seq 15.4 0.9 10.4
Unilm 25.7 2.7 13.9
BERT+ APTS+APTP+ TR 26.2 3.9 14.0
LSTM 26.5 2.1 12.5
BERT 27.4 3.3 13.8
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Table 5 Experimental results of different pre-training task models
Model ROUGE-1 ROUGE-2 ROUGE-L
Baseline 22.2 2.5 12.2
BERT+ APTP 23.6 2.5 12.2
BERT+ APTS 25.3 3.6 12.6
BERT+ APTS+ APTP 26.2 3.9 14.0
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Table 6 Comparison of summary results of different models
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