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ABSTRACT

Research on Multi-Document Summary Generation Method Based on

Event Structure

ABSTRACT

Multi-document summarization is an important research issue in the field of
computer natural language processing, and plays an important role in public
opinion analysis and military intelligence analysis. However, the problem of
learning event structure still exists in the field of multi-document summarization,
which restricts the quality of output summarizations.

This paper proposes a neural network summarization model, which can extract
summarization from multiple input documents. Starting from the previous
hierarchical Transformer architecture, the model uses Jieba and Sentencepiece to
segment and mark Chinese and English respectively. Then the document is
segmented, and paragraphs are sorted and filtered according to title relevance. The
paragraphs after screening are linked and encoded in a hierarchical manner, and
cross-document relationships are represented through the attention mechanism
between paragraphs, which allows the extraction of document structure
information and is more efficient than the previous processing of text linking as a
flat sequence. In this way, the model can learn the underlying relationships
between text paragraphs to improve the quality of the output summary. Finally,
Beam Search and length normalization optimization were used to output the

summary to make the generated statements more smooth.
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ABSTRACT

Experimental results on WikiSum, a large abstract dataset, show that the
proposed model can effectively solve the above problems.
KEY WORDS: Multi-document summarization, Hierarchical Transformer,

Chinese Abstract
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L_\
! Feed Forward J
A

—P[ Add &Norm ‘
&
‘ Multi-Head ]
Attention
-

pl—1 ]

5 Transformer encoder HeFE AN 4t #4)

A<M Transformer /= FJ 5N 2B — i i A &, 2 2k BER P (B $
Multi-Head Attention) J& i+ 543 244~ 7] B 5 Brig W H AL A ARG R, 285 I8 I Al it
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3. ST ARG 2 SO SR B

2% (B Feed Forward) [a] A% 4% .
323 ATEESHEINZERE

42 J7) Transformer JZH 116 2 Bk HAE E, 2 BOE I LT XUE R, ZIH Bk H
gik. Wl 6 Pos, ARMBBEOERR AR KT E k.

¥ i T 3 L g v T 7
feed feed feed feed feed feed feed feed
forward forward forward forward forward forward forward forward

Kl 6 45 Transformer 2
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3. TR0 2 SO BT

3231 k&

AT E X B B BN — N2 Skt 1 o ANTR] R Sk DAAN 3R] R 5 0B B
BEATG RS SRR TRk, I Bk K BE R I, R Bg il DU A Brik 52
HAFE, EREADBOEN LT mE, A NBIE e B E R

4 xit € RUEDN token t; i |- — JZ Transformer JZ i % i 17 B, 7 W A 4 4 7
transformer /2 AIHIAN o X5 T4 BR, A kz € {1, Npeqa}, FATESLIHHIEE 170 $hal;

M value 73 4ibf oS85, M TEASKEBIE WHTA ) token, #THE > AE token H1HJVE

af = Wixiy '#(3 - 7)

b% = Wixi1#(3 — 8)
n
aj; = exp (afj)/z exp (afj) #(3—-9)
j=1

Hp Wz e RUFIWE € Rhead *d U, dyyeaq = A/ Npeaq /TE R FTKIIZEIE, n 2R,

T token HIEE
ROk, BANE I R PEAR AN Z IH AR B AR AT, DS BZ BRI AR K6
# 1 &= R/~ head?:

head? = LayerNorm (Wﬁz @fjbf]> #(3 —10)
=1
ﬁ\:l:':lwg € ]Rdhead *dhead %*REO
AT DR TG AE & 24k, BANBEA Z MNER 10, N RETRARAR
Xmlﬁ:o

3.2.3.2 BEEEEIEE

RIS BRI 2 LRI, AT B (R = I AN Sk A AN [R] B (1 1) &
AT H . 5BEFER AN, BRI E R D v B = A R S B = 2 HAh
Bk

qlz = Wtzlhiad#(g - 11)
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3. HETHAFLH A2 SRS S BT

ki = Wihead!#(3 — 12)
vi = WZhead?#(3 — 13)

exp (q7Tk?
context t7 = Z — p (4 l) vi#(3 —14)

i=1 2 exp (q?k?)
o=1

Hrh, g%, k%, v e Rhead*dhead J fhead? £ 114 28 ¥ [ query . key Fl value [A] &2
context t7 € Rénead IR IH R X Fr AT BLI& 10 1 VE = SR AR B B SR & om A5 B
IECH o

3.2.3.3 ANRHEMLE

ROk, E— AT, WATH B E SR #T token £on. AT E S0iE
WEREFTA LT e RaE 84K EFXER, HREW, € R& RN H— Nty
i

¢; = W[ context}; --; context " |#(3 — 15)

SR G FATTH o R T H AN S N B BIEEAS token IR 7N Ko InFI4EE N4 N token [7) &

xip T IR RN B — AN L ReLU DY B0E sR 2R, TOUH o 3o 2 A — P 6 7 S22 i A5t 9 2% v

9ij = WozReL U (Woy (x71 + ¢) ) #(3 — 16)
xfj = LayerNorm (g;; + xfj‘l) #(3-17)

Hohw,, € RUPEFIW,, € RO BAUE, dp R BT k.

XFE, 2434 local F global [1] attention HtGE LEEFANF AT AL L — IR 70 E ) B SCHE T,
R B R token #AT AL —Fh 40 210 @i 7 SO AR BRI RS 2.

33 BHEHIERTR

Big IAE R 1AL Al LUE AR AR 7 S g A Boig S B 2zl — sk Rl g & . ]
BZHT TAF O 2R, MR AR X T NLP AR5 2 an 12326, 45 2 0y
R 2 TARAAM A 7 2XEERR, BANERREOIEMEZES AR, 2=
transformer [ ML AL T AT MR ZE 7 RS B & F 2R RS, DLAE BOE S A4 22

HAMIEPTRE, 6k BRI R R WROVBUR, WWBUER B 5 BUK

15



3. BT HARGE M0 % SOA B Y i
Z AR 5% tf-df AU 320 Wl 7 B fs. 3 kK BRI E R R BRI
ST AN RLE R E(ADG) B, DLEVE ASE S, BRI &t 5 BK S Bk 2
(] e T 1] P B A AL B A B R 2 i . il 7 AT FTR

word_count

tf-idf_2 word_count

tf-idf_5tf-idf_6 tf-idf_7 ord_couword_count word_count

7 RLXARE (K) fiEEXRE (B

EAERTE N B R RO —ANERE G, HrP Gy /R B BTE A i ILIRBUE . 2R

Ja, ETHHE context [A] BN B difE NSk 2 2 q. ke ve WEIXA SIS B CRERA
A fEMUCA:

contextfv = Z val#(S —-18)

m
i=1 Z Gio
=1

3.4 Transformer fER2EHEE

FRATTE AR 2% 1B 3 AR 1Y Transformer decoder #5ER, 3= F ]+ A SC A o) £ S H token.
518 Transformer decoder J2MH[F, H=1F)24 8k, BFEZHZLEAERTI. £23KiE
2 HNEIRI R E LR, WK 8 .
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3. TR0 2 SO BT
A

Add &Norm

¢

Feed Forward

 S—

Add &Norm

4 Nx

Multi-Head
Attention

1

Add &Norm ]1—

Kl 8 Transformer decoder LI A 4514

AP 5% R0 N A G b 2 1 %0 HB DA R B — NI i iaE, i R I 2 Sk BV R 6L
1 (&l % Masked Multi-Head Attention) Ji5#ii A\ % 3k H 7% & J7HLH (& H# Multi-Head Attention),
B3R 45 BB BT 2 M 4% (A Feed Forward) [0 BiA% 4% .

3.5 WBAUTSE

3.5.1 I ESE R Beam search 753k

A H, FRA1f#FH Beam Search A 4542 B 1 ~C £ 55 0 i .
L IFEINNY = VL Y2, o0 Ym)» BRI ATEBAT
PY1X) = P1IX)P(y2ly1, X) . PYmly1. m—11X)#(3 — 19)
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3. TR0 2 SO BT

OB O -
<o o ©
‘ ‘ < 1D

9 Beam search JRFE¥ (beam size =2)
1E decode I % T AR ML H LR, HTFAIRK, FFEsElad K, mooH
FEA— R B &Rt I+ 7 Zii/& Beam Search, U1 9 fias, & DL
ORBE T K AN ARESE SR, N N — DA 2KAAS 45 R )5 PR B MR e fU B R A BT K A
GO, R AIRPIRARAE R i S 1T S AR

352 EHEIXFERKENR—7ZE

TR P TER N, AR A AR, AR T AR RA) 1. b
FATIENE W27, 0 B — APy e, ARHEZE o5 22 )3 — R i AT VP40, VP4 R s(Y, X)
N

s(V,X) =log(P(Y1X))/lp(Y)#(3 — 20)

_G+Ype

Ty NH § A BRIy A5 1R IE R R . S8 IR R 58
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3. TR0 2 SO BT

o
ZAE, ARSIV B AT IR SR, BT RE A R S IE R 2

3.6 FEG

KREEFELNNH T AR 2 SOART EAE R0 A B, L HE I T K AL 2 M 2% I B s HE Y
Tri%. T2 2 SCA 2 TR R ELIR N 0 2 Transformer 7Y ( Soh S04 45 K 1) B o 7 12 DA I
Transformer RIS DL BRI 775 R — AN TR 2RI AR SCRT - S2 56 LA
M ZE R
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4. LT AR

4. SRR SERTH

4.1 SRR

4.1.1 FIELIEEF

FAEH brightmart $2HEF) wiki2019zhP8EHEAE, A5 104 751N 45(1,043,224 %) A
AR Liv 5 NSRAERIIEIA, TCHL S35 0B . AL 1 10 BLESCBL BRI SCEAE RIZck
P, $EH 58000 R . BANMAG (BRMEZ AN TEUL B4R, FBCFEY 701
A~ token, HARMEEFHKEN 139.4 4 token. FRATEEHEEEE)24 50000 NIZREE, 4000
NI EEFT 4000 MR EE o

TEHEF A RS B B, FH sentencepiece i R ER 74 A1 H Fr i Bk AT 4 i ANARAD, 1]
JEFR 32000 AN 4%, JRAD H bR EE A .

4.1.2 MRAFEERE

TERTA AR R, TRATTFE T et )2 2 B S dropout(E 264 0.1);); A~
T 0.1 BIFRZETIE BT I Zrat AL G i KRS TH B P 3 2P 20 8 77 e ki
Adam, F2JHEN 2, B1=0.9, B2=0.998; FATLELERT 8000 20 e R T 5 2] A4
5, 3. FrA 2T Transformer 5 #H 256 Nk 5. 70; BT A 2 B BT 5 RS /Ny
1024, Frfg BIZUERAE 4 5K GPU (NVIDIA TITAN) EJIZR T 10 Ji25 . TR 2R 2T
RN GRS R — 3. RIS IR TR, T 5 MrERE A, FFRE AR
iR

g FE A, FATTH beam search (beam size =5) F length penalty (o = 0.4) 5, H.F|
¥4 45 K1 tokens

4.1.3 BEHFSTE

N T INGRENEBA, FATTHE T RSB A T B A4 2L ) ROUGE-2 recall®?, L4
AN EHETS 3o Lstm ISR BN FRIZ K/N: 2565  dropout (£E T Zet Z AT A
M. 02; EEMREE, AdagradP% R E N: 0.15.

BATEEA T HE P RIAL S Lil9%E A2 H 7R AT H AL, Liv S AR BE 5
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4. LT AR
RS 1A tE-idf AR SZATURE XS fay N B BEATHE 7 o BATT 20 0 AP &8 AN 3L AR AU 11
DT I 7 Bk S PR IITL B SRATKE X e B bk, IFHUE B <5 H AR SOAR T
FEATH ROUGE-L recall. 85 R415% 1 Pron. FATTLLER], FATHHF A ROt iz 7
FRBUE, TR EALF AR T EAE R

F 1 BT tf-idf #8LE R LSTM BB EIMEEH B EE

HeFr 715 YA #EFR: ROUGE-L # R %

I I l l

Tf-idf FHLLE 24.86 | 32.43 | 40.87 | 49.49

LSTM [RIH (ARSCHVE) | 39.38 | 46.74 | 53.84 | 60.42

4.1.4 WEFMHiEER

FAIE A ROUGE R 14 4 2 i 2 . ROUGE(Recall-Oriented Understudy for Gisting
Evaluation)& —Fl H AP E 7%, BAEMRKMES S ERMEH#HATHR, gt &2
(A n JoiBVE. W AN EH , KRR SR E, DA 2 S
S Z (A HIFABLEE . e

Recall = EE@%& #A4-1)
JER ST H S 1A
Precision = EF A #(4-2)
A A R

z Count match ( gram n)
gram , €S

S€e Reference Summaries

z z Count ( gram,)
S€ Reference Summaries gramy,€S

Hr, -n /RF n-gram MK, Count . (gram ) F s[5 B H LA — fe 5% 5 2

ROUGE — N = #(4—3)

(candidate summary) 1% §i# E(reference summary)#J n-gram 4%, - Count (gram,) F/n

SR L n-gram KD 0 BRI Z 540 2425 FF FTAT n-gram (R4
MNTLZANSHEIN, EFRGT RS HERHE NS,
ROUGE-L [} LCS Ml T i M ULAC 51, LR T EESILAR, fE/mBRA)5Ziq
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4. LT AR

I AR 55 28 AN N 5E 3L n-gram HO4E
_ LCS(X,Y)

Rlcs - m #(4’ - 4’)
LCS(X,Y)
P = n #(4—-5)

(1 + ﬁlecsPlcs)
Rlcs + ,szlcs

Fies = #(4—6)

A8 P B35 A 3R] EE B (ROUGE-1 1 ROUGE-2) K IF i EiE B R T, mKA
HFFF(ROUGE-L) R PG 22 2 Bt -

415 SEKL

4.1.5.1 1BHIEEBEKET—/) alpha

H/~3(3-21)A &1, alpha #5 il 3E A Ul B K E, T Google 78 JH 8 32714 3] alpha
HUE Yo Rl 20, 1], [RIATHEFE O R 2[0.6,0.7]. F&A14 alpha = 0.4, 0.5, 0.6, 0.7, 3 Hlit- &4
45 R 1 rouge (H A AR

4.1.5.2 AIRHPLEZMLERBIEER S ReLU

{EZ L[] Transformer A8, EF A T ReLU BREUE A HT 0 48 X 285 1) S0 eR 0
FHEG T 5 I sigmoid A1 tanh P4, ReLU nf DUEE G B 1 2% (0 i)/, {45 XRUASEIR B
PRSI NPT BE . (H A& ReLU WA H GG A s 24 H AR s A dm InF A A i B 1Y
H T RE 2R R G K, JEI S B IR IE . BT DU AS SR — 2510 5 V2K By 1 of i A%
JEILS R A (Hin N TR EBIED -

FELETT . GELU s —AMEXT “Hrif” FuE . 2496 40Tl 2R bert 5t
GELU fENBUE K% . GELU fEEUE 5 N T BENLIE N B BAE, & — P 4 Jofan A i
ik, BEW LEESEBERENR, B SZECREL Relu 5 ELU #8E 4133,

FRATT A0 22 R 4% B UTE BB 500 7 o ReLU Al GELU, #EATXT LG, & A Al Z 1 rouge
HARARTT.
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4. LT AR

425 RS 0

421 SRR

% 2 Z2HALKT T4 JZ Transformer MR8 ) 5200

Beam Search ReLU GELU
KPP
ROUGE-1 | ROUGE-2 | ROUGE-L | ROUGE-1 | ROUGE-2 | ROUGE-L
a=04 40.82 25.99 35.08 41.31 26.28 35.38
a=0.5 40.82 26.09 35.09 41.32 26.36 35.38
a=0.6 40.83 26.16 35.06 41.33 26.42 35.36
a=0.7 40.83 25.97 35.05 41.29 26.38 35.33

& 2 M5 TN Transformer 45 7€ S50 T AR T R B2 . 1 5% /2 beam search H?
alpha {EL A%, 1X 5 22 2 H A1) 1K PE 8T o FL IO RTASTRP S IR 24 rh s R 300% F Re LU
T GELU My %%, AT, GELU MR MFHE, 5 ReLU AHLL, SRR 2 REE
G befs B 1R ) 1] A

MEFETLLE H, SBE0ERECN ReLU BIfEHL T, alpha S HUEE 0.6, KT 0.6
23 i ROUGE-2, ROUGE-L 8451 F [

LS RO GELU TSR, alpha Sl EUEZ 0.6, KT 0.6 2i% i ROUGE-2,
ROUGE-L J&&i ) T B .

2 alpha [E AL HE LT » GELU I ZRAUR L ReLU ¥ 4T, ROUGE-1 “F3J#2 =1 0.4875,
ROUGE-2 “F-¥J# /5 0.3075, ROUGE-L “J-¥J# 15 0.2925.

4.2.2 XTEES#Rr

TNV XA 7 21 Transformer 284 5 J1A™ baseline 77 V5T LEEL:

Lead: & iE#hn BUAIHE R BV I {71 5 baseline, JEHRECAT k > token; FAI1¥ k A FEuE H
PRI

T-DMCA & Liu %5 N\ (2018) Uy s MR e A Y, 0 FAT N A7 B 46 7 = U BTG
Transformer decoder [ —Fh45 5 /i1 R ] 7 Transformer decoder 31 F| &M EEYE T BIE
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4. LT AR

B key M value. 1ZAAA 5 2, ERIFRBUR/ANE 512, FIGHEEUR/NE 2048 BRd
FHET By s s AT 3000

BAMPKEELR 53 E Transformer. AR REEMZE—A 7 Z MK REEH 5 4 local
Transformer )2, 74 2 4 global Transformer J2). ZAALEFREFIL =24 BUAE AN,
PAA R H bR 2, IR S BUREAS SE B R4 1600 M4 token.

PN A=

FAI 5.

%= 3 5H b baseline FiEIXTEEE R

PARES ROUGE-1 ROUGE-2 ROUGE-L
Lead 38.22 16.85 26.89
T-DMCA 40.77 25.60 34.90
AR STAE FH R A 41.33 26.42 35.36

F 3G TIRATFN AR F XS b, R EFET Lead A1 T-DMCA FIFRATT A A A
AP A N Eb g . WTLLE B, FRATIAE AL A B 16 BS54 T Lead Al T-DMCA FR 7Y,

43 KT NG

R B N AR S 2 A AR B 0 S A A AT S8 B A4
baseline HIERATH M. B Xt TS HMAES 3, ARSCAF IR B A — 81 S 400 o« ATHT 15t
2% ReLU AT, &0 WIKISUM HEEM IR, A RERTT 1A AL A il 1 4 22 o
o L I[EIR 5 HAD baseline J7yAEATXT L, AL WIKISUM $ds £ 10 50600E, 245

o HAd g AT
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5. Mg HREy

5. RESRE

5.1 AXRE

AEX Z AR E DRI FEMA LR R, s B TR R
Transformer 777, *f 2 SCRYHH Z 0l BUEATHT 70 . F B A T7 A TAE: BT KRB0 2 M
A B HEP AL, 73 )2 Transformer ()2 95 B A 20040 71 « &0 SR A S50 AT
FLSEIGZREH, AT 2 AR SRR R L H e i B R 47, X 2 ORI
EHEI SR .

5.2 ARG RRUARARRE

EIRASTL SN 28 SO B H AT REUS AR I ZE R, (RIS 1R 2 W] LU T 7 1 -

B5E, DA VS PRI A BEARGF O PP AL T S BB . H AT A Z R b K2 2 T 1
A1, i 4 2 A A B IR B AR P USRS i AN BRI T & . Rk, R 2 3
AN EEHAE SR BB R AT SR AN TT AL B0 . EOR WIKISUM 8 £ 1T DAE 2 SCAHH 22
AR (HAR N Ry 1 22 SOAS Z AT B4 BN GR I & )&, 2= Transformer SR
A RLEE ) BB A RTBL T AR 2, (2 ER RIS & 1 2 B A5 R )1 R e o T
AE, QAT A Transformer 25 F4 1 H AT BEAF B VI 2038 A 98 AL 5 ZE0T U A TR AL
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6. F

6. s

ARV BT PIRS 6 N, R % . RN, &P TIRZ kA & i
FUBki . PRI, WSS AT RA SR BRARMSLER. B BRI A I ——
FEAREIT . MNPRAB R H BISCER BURL BT 45 S 56 2 S 98 K AR SE i, A B TRIB B2 N XE,
ANEEBAT 28R, EZIMEAE SRS, AFRIRIHTT . BRRG ZIIERE
JEREIRZ mREH, IR 2 A TRE RARIR B R IR AR N B4 . FHE
Mo R, AT AR A A 2 il s o e ) 3 e A . BRI, L]
Tty 2 B 20 A i) LR S8 B 2 T SR ARG R, SRS, . S E AR,
FEHH R R 3T T NLP AR IR B3R, k3B B RS AN gESy . I
RN 5, ARG ARBES b AL XA SIS AEAT Z 8K

R R AR BN E RS B A, AERGEA GRS I i, TN KR AR AN S
Fo 8 W TR T o Ay 7 IRANTELAR torch SSUS LR, JF HARME TR Z
MZHIGORE R ARE L FAH AR

&Y Liu Yang XF AR AL . M TAEX RS HMEARR K, HIRE 2Mb K
github GRS, M7 00 B BR PR A R BEAR RN A A TR, 2 BB 3] [ R RR IR IS
PEIAATE 0N, Al A RS S 81 52 0 EL TR O i 2 3 FD 1 e

BRI E R, A REMFE R, el BTSRRI,
e BLAE T o
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